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Abstract: 

In this research, a renewable energy hybrid system (PV-Wind) is modeled to compare different design options 
based on their economic and technical features. The energy requirements of a RO desalination plant located 
on the island of Tenerife with a water production capacity of up to 20,000 m3/day will be considered. The 

system will be connected to the electricity grid. 

The HOMER software has been used to produce optimum strategies for renewable energy. The assumptions 
input into the model were: the technical specifications of the devices, electricity demand of the desalination 

plant, as well as the solar radiation and the wind speed potentials. Numerous arrangements have been 
considered by the software. The optimal results have been obtained based on the use of renewable energy.  
The data used in the study were recorded in Tenerife in the Canary Islands. The experience of this research 

could be transferred to other Atlantic islands with similar conditions.  

Keywords: 

Renewable Energy; Desalination; Reverse Osmosis; Canary Islands  

1. Introduction 
The Canary archipelago is a pioneer in seawater desalination due to its experience in applications with 
dissimilar technologies. Currently, the Islands have 330 desalination plants, which produce around 214.6 hm3 

of  f resh water per year [1,2]. 

In two of  the seven main islands that make up the archipelago (Lanzarote and Fuerteventura), desalinated 

water accounts for 99% and 86%, respectively, of  the water used to supply the population and tourism [1,2,3]. 

The main problem with desalination is the energy required, which is harmful to the atmosphere due to the 

growing pollution caused by the burning of  fossil fuels. The isolated electrical grid of  the Canary Islands poses 

a problem in its optimization, as does the high dependence on imported fuel  [3-7].  

The use of  renewable energies to procure f resh water f rom seawater for human consumption is benef icial for 

the environment, since it reduces pollution. 

On the island of  Tenerife, wind speed and solar radiation are generally high and allow for the opt imal use of  
renewable energy systems (RES) to produce energy. An example of  this are the eight solar plants belonging 

to the “Technological Institute of  Renewable Energies” (ITER), with a total of  44.3 MW of  installed photovoltaic 

systems and 65.7 MW of  wind energy, installed in dif ferent wind farms [8,9]. 

The groundwater in Tenerife is under threat due to severe overuse. In recent years, desalination f rom sea 

water has increased to around 26.64 hm³/year, accounting for 14.0% of  f reshwater production, and is likely to 

continue increasing in the medium-term [10]. 

In this paper, dif ferent RES based on wind energy and photovoltaic  (PV) systems connected to the electrical 

grid are modeled in order to assess dif ferent designs based on their technical and economic  properties. The 
power needs for a reverse osmosis desalination plant could be guaranteed up to a water production capacity 

of  up to 20,000 m3/day. 

The Hybrid Optimization Model for Electrical Renewable (HOMER) [11] has been used to achieve the most 

optimal designs of  RES to supply Reverse Osmosis (RO) systems.  

The starting assumptions were: the electrical needs of  the RO plant, technical specif ications, and the sources 

of  renewable energy (wind speed, solar radiation) on the island. HOMER models the RES with a grid 

connection, and the RES will always try to deliver the highest power required by the RO plant.  

HOMER has been used in numerous studies carried out in many regions of  the world,  with the objective of  

f inding options to replace part of  the conventional energy with RES. Some examples may be found in islands 
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of  the Atlantic Ocean [6,7], in Oceania [12], in Eurasia [13], North American [14,15], Asia [16-22], the Arabian 

Peninsula [23-27], Southeast Asia [28], the north Pacif ic Ocean [29] and in Australia [30]. 

Tenerife was selected for this study due to the rising annual water demands on the island, the high tourism 

industry, the agricultural operations on the island, the decline of  groundwater and the exceptional renewab le 

energy sources on the island. 

The main objective of  this study is to determine the best renewable energy systems (RES) with connection to 

the electricity grid to ensure the energy needs of  RO plants for the production of  f resh water on the island of  
Tenerife. The research is carried out taking into consideration the best technical-economic conf iguration. This 
research can be extrapolated to other regions with similar circumstances of  water scarcity and with good 

sources of  renewable energy. 

This research is arranged into f ive sections. Following this introduction is a presentation of  Tenerife, its 
population and the status and production of  its water. Section 3 provides the materials and methods that will 

be used in the study, and def ines the principal input variables of  the HOMER sof tware. The results and 

discussions are reported in Section 4. Lastly, Section 5 shows the most signif icant conclusions of  the study.  

2. Contextualization of Tenerife Island 
The Canary Islands is an archipelago situated on the Atlantic Ocean, in Macaronesia. The archipelago is 
composed of  seven main islands: La Gomera, El Hierro, La Palma, Tenerife, Gran Canaria, Fuerteventura,  

and Lanzarote (Figure 1). The islands’ population is over 2 million. The number of  tourists received in the 
islands in 2022 was in excess of  12 million [26]. The only way to supply this service sector on an island with 

high water scarcity is by using ef f icient RO desalination systems [3,4,6,31]. 

Tenerife is the largest and most inhabited island in the Canary Islands, with around 42 .5% of  the archipelago’s 
inhabitants. Every single year, more than 5.5 million tourists visit Tenerife, which is why it is considered the 

most popular island in the Canaries [31].  

The largest volume of  this tourist population is received in the south of  the island, generating a great demand 

for f resh water, more than 300 liters/day-tourist [32,33]. This water demand is covered in large part by 

desalinated water. 

2.1 Desalination water in Tenerife 

Desalination is nothing more than the method of  removing salts f rom brackish or marine water to make it useful 
for agricultural, industrial or human consumption. In the Canary Islands, desalination provides a signif icant 

percentage (19%) of  the water supply in many sectors such as agriculture, the tourism industry and the 

population [3,6,34]. 

Currently, there are 29 reverse osmosis (RO) seawater desalination plants (EDAM) in Tenerife. The most 

important plants by water production capacity are shown in Table 1, two of  which are located  in the south of  
the island and the other in Santa Cruz de Tenerife, the island’s capital. Figure 1 shows the locations of  these 
three desalination plants in Tenerife [10].  

Table 1. Fresh water production in three RO seawater desalination plants (EDAM), Tenerife. 

RO desalination plant 

EDAM 

Capacity of water 
production (m3/day) 

Energy consumption 
(kWh/m3) 

Adeje-Arona 30,000 4.51 

Caleta de Adeje 10,000 4.29 

Santa Cruz de Tenerife 21,000 4.6 

The EDAM with the lowest energy consumption is Caleta de Adeje, due to the improved energy recovery 
technology used in the desalination process. The RO desalination plant in Adeje-Arona went into operation in 
1998, with a total water production capacity of  10,000 m3/day. Due to the increasing water demand in the 

region, this water plant’s current capacity is 30,000 m3/day [10]. All these plants supply the demand of  the 

population and tourists. 

https://en.wikipedia.org/wiki/Energy_consumption
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Figure 1. Map of  Tenerife showing the locations of  desalination plants, wind farms, meteorological stations 

and selected locations. 

Figure 1 shows the distribution of  the wind farms on Tenerife, which are located in those places on the island 
with the most wind potential, almost all of  which are in the south of  the island, especially in the region of  

Granadilla de Abona. 

According to the Spanish Wind Observatory [34], on Tenerife wind farms, the preferred wind turbines in both 
current and new projects are GAMESA, ENERCON, VESTAS and MADE, including the repowering of  old wind 

turbines. 

Renewable energy systems such as wind turbines and photovoltaic systems, as well as reverse osmo sis 
desalination, are all mature technologies that can be combined in dif ferent arrangements . However, only some 
desalination plants are currently powered by RES due to the large initial investment required, with no more 

than 1.0% of  the desalination plants on the planet being powered by RES [35,36]. 

On the island of  Tenerife, there is no isolated or connected RES to supply the total energy of  a desalination 
plant, which could reduce the environmental consequences of  desalination due to its enormous energy 

consumption f rom traditional sources.  

All the energy used in the desalination process on the island proceeds directly f rom the electrical network. That  

is the reason behind this research, to propose the optimal renewable energy system with network connect ion.  

3. Materials and Methods 
After evaluating the state of  desalination on the island of  Tenerife, identifying the main plants, their production 
capacities and energy consumption, we decided to consider a maximum production of  20,000 m3/day for the 

study, with a maximum energy consumption of  4.50 kWh/m3 of  desalinated water, although this consumption 

may be lower depending on energy recovery. 

An analysis of  Figure 1 and the study conducted by the “Cabildo Insular del Agua de Tenerife” (Tenerife Water 

Council) [37] reveal that many desalination plants are located in regions with a high solar and wind potential.  

Taking this analysis into consideration, two possible locations for the study were selected, the f irst in the 
extreme south of  the island, near the Montaña Roja Nature Reserve, and the second in Santa Cruz, the capital 

of  Tenerife (Figure 1). Both locations have a high solar and wind potential and are close to meteorological 

stations and existing inf rastructure (roads, workshops, electrical substations, equipment and supplies, etc.). 
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3.1.  Input variables to HOMER Software 

On islands like Tenerife, with high renewable energy resources and water stress, the combination of  
desalination plants and RES can provide a solution to the large energy consumption of  the desalination 

industry. Combining the desalination and electrical industries  requires an optimal design and consistency, and 

also that it be sustainable. 

Taking these objectives into account, we must f irst propose the selection and sizes of  the possible elements 

of  the RES to power the desalination plant. The HOMER sof tware was selected to achieve the most satisfactory 
design. This sof tware can carry out the simulation, optimization, and sensitivity analys es of  the RES (PV-Wind ) 
to determine the energy needs of  the desalination plants in question [6]. Figure 2 shows the suggested RES 

for the simulation. These devices can involve PV modules in combinations of  various wind turbines, all 

connected to the electrical grid.  

7 

Figure 2. Renewable Energy Systems HOMER model, with electrical grid connection 

 

3.2. Electrical loads 

In order to carry out this research it was assumed a desalination plant with a production of  20,000 m 3/day, with 
a possible energy expenditure of  4.50 kWh/m3 of  desalted water. According to HOMER, the energy 
consumption of  the installation can reach 89,225 kWh/day. The average electricity demand will be 3,719 kW, 

which may increase to 6,113 kW at peak hours. Figure 3 displays the annual distribution of  electrical energy 

consumed, the average, and the minimum and the maximum consumption per each month. 

 

 

Figure 3. Annual distribution of  electrical energy consumed 

 

3.3.  Solar radiation 

HOMER takes the monthly solar radiation directly f rom NASA data. Figure 1 shows the meteorological stations 
used in the study for each location selected, which in this research were the South Airport (Reina 
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Sofía) (C4291) meteorological station for the Montaña Roja Nature Reserve, and the Santa Cruz de 

Tenerife (C449C) station to study the case in the island’s capital. The coordinates used for the study on the 

island are shown in Table 2. 

        Table 2. Coordinates of  the Meteorological stations 

Meteorological stations Coordinates 

(Latitude and Longitude) 

Altitude (m) 
(above sea level) 

South Airport (Reina Sofía) (C429I) Latitude: 28° 2' 51'' N 

Longitude: 16° 33' 39'' W 

64 

Santa Cruz de Tenerife (C449C) Latitude: 28° 27' 48'' N 
Longitude: 16° 15' 19'' W 

35 

 

3.4. Wind speeds 

The monthly average wind speeds were taken f rom the two meteorological stations whose coordinates are 
shown in Table 2. The f irst one, located at the Reina Sof ia Airport, has a database of  more than 35 years and 

an average annual wind speed of  6.1 m/s. The second is located in Santa Cruz de Tenerife, where the average 
annual wind speed is 3.0 m/s, according to f igures dating back over 85 years. The simulation performed by 

HOMER uses the Weibull probability density function.  

3.5. PV system 

When the model of  the photovoltaic system is designed, the HOMER sof tware does not take into account the 

temperature and voltage to which the system is subjected during operation. HOMER assumes that the direct 
current (DC) output of  the PV panel is linearly proportional to the incident radiation [38]. Table 3 shows the 
cost of  the photovoltaic panels used in the research. The photovoltaic panel is assumed to have a useful life 

of  20 years. 

    Table 3. Economic data 

 

3.6. Wind turbine system 

Manwell, McGowan and Rogers state in [39] that a standard procedure is used to model wind turbines, 

assuming that the kinetic energy of  the wind turbine is converted to electricity based on a specif ic power curve. 

HOMER computes the average wind turbine power (Pwind) using the Weibull distribution.  

Figure 4 shows the power curves of  the wind generators selected for the study, which are manufactured by 

ENERCON, GAMESA and VESTAS. All these machines were tested in dif ferent wind farms on Tenerife. The 

initial economic data for the wind generators and photovoltaic systems are shown in Table 3. 

Table 4 shows the characteristics of  the proposed wind turbines, with nominal powers of  800, 850 and 

2000 kW. 

 

Table 4. Commercial characteristics of  wind generators (Source: [40-43]). 
 

Characteristics E48 E82 G52 G90 V52 V80 

Nominal Power (kW). 800 2,000 850 2,000 850 2,000 

Hub height (m) 55 78 55 78 55 78 

Rotor diameter (m). 48 82 52 90 52 80 

Cut-in wind speed (m/s) 3.0 2.0 4.0 3.0 4.0 4.0 

Cut-out wind speed (m/s) 25 25 25 21 25 25 

 

Components 
Initial capital cost 

(ICCPV)$ 

Replacement 

cost (RC)$ 
O&M cost ($) Lifetime 

PV panels 7000 ($/kW) 7000 ($/kW) (0.015)x(ICCPV) 20 years 

Wind Turbines 1200 ($/kW) (0.85 ) x (ICCWind) (0.025)x(ICCWind) 25 years 
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Figure 4. Power curves of  the wind generators. a) ENERCON, E48-800 kW and E82-2,0 MW; b) GAMESA, 

G52-850 kW y G90-2,0 MW; c) VESTAS, V52-850 kW y V80-2,0 MW (Source: [40-43]). 

 

3.7. Economic analysis 

Typically, conventional electric systems have a lower initial capital cost than RES, while the cost of  operation 
is higher in thermoelectric plants. In the optimization process, the HOMER sof tware compares the economic 
characteristics between renewable energy systems and the traditional electrical system to recommend the 

most economical system [38]. 

The tools used by HOMER to perform the economic analysis are the “Levelized Cost of  Energy” (COE), which 
calculates the average (cost/kWh) of  the electricity produced by the system, and the “Total Net Present Cost” 

(NPC) ($), which computes the cost to install and operate any system [3,6]. 
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4. Results and discussions 
The main problem when designing any RES, whether hybrid or not, is to determine its components and the 

size of  each, which is conditioned by the renewable energy sources in the region where it is installed.  

The HOMER sof tware is an excellent tool to use in this situation, since it allows simulating numerous system 
arrangements. For example, the NPC makes it possible to sort values that are in the viable range and discard 

those that are unviable. 

The results of  the technical-economic simulation carried out by HOMER are shown below. The cost of  
electricity f rom renewable energy is assumed to be $0.15/kWh; the cost of  electricity purchased f rom the grid 

is $0.10/kWh; the desalination process is assumed to consume 4.50 kWh/m3 of  desalinated water; and the 

maximum production capacity of  the proposed desalination plant is 20,000 m3/day. 

4.1. Optimization results in Santa Cruz de Tenerife 

After modeling the technical-economic aspects with RES based on PV and wind systems f rom dif ferent 
manufacturers, such as ENERCON, GAMESA and VESTAS, connected to the electrical grid in Santa Cruz 
de Tenerife to supply energy to a desalination plant, we can state that the optimal energy system to supply 

energy to a desalination plant in the capital is the grid, with an approximate consumption of  

32,666,286 kWh/year and an approximate cost of  $3,266,629/year.  

This is mainly due to the low wind speeds in the region analyzed, the high costs of  photovoltaic systems and 

the lack of  land in the capital to install a solar farm. 

4.2. Optimization results in Special Nature Reserve “Montaña Roja” 

Tables 5 and 6 show the result of  the technical-economic and energy simulation and optimization carried out 

for the Montaña Roja Nature Reserve area by the HOMER sof tware, using the data set f rom the Reina Sof ía 
Airport meteorological station. The RES used in this model is the same as that used to model the system in 
Santa Cruz de Tenerife (PV-wind systems f rom dif ferent manufacturers such as ENERCON, GAMESA and 

VESTAS connected to the electrical grid). 

Table 5. Technical-economic optimization results for the RES (PV-Wind- electrical grid) in the Montaña Roja 
Nature Reserve.  

 

Table 6. Energy optimization results for the RES (PV-Wind- electrical grid) in the Montaña Roja Nature 

Reserve.  

 

Table 5 shows that an initial capital cost of  $4,800,000 is considered, which is the same for all possible wind 
farms connected to the electrical grid. The COE for the dif ferent wind turbine models varies between $0.064 

and $0.071/kWh, with the system with two G90 wind turbines being the one with the lowest cost/kWh.  

The percentage of  renewable energy that can be injected into the electrical grid varies between 43.0 and 
48.5%, with the system with two G90 wind turbines being the largest prod ucer of  renewable energy, followed 

by the system with two E82 wind turbines (48, 0%). In the latter, up to 5.2% of  the total renewable energy 

produced in a year can be sold. 

Turbine 

Model 
No. of Turbines 

Initial capital 

cost ($) 

O&M cost 

($/year) 

Total 

NPC ($) 

COE 

($/kWh) 

G90 2 4,800,000 1,730,579 26,922,606 0.064 

E82 2 4,800,000 1,750,828 27,181,456 0.065 

V80 2 4.800.000 1,932,697 29,506,358 0.071 

Turbines 

Model 

No. of 
Turbines 

Energy 
consumption 

(kWh/year) 

Energy 
purchased 
(kWh/year) 

Energy 
produced 
(kWh/year) 

Renewable 
fraction(%) 

Energy 
Sold 

(kWh/year) 

Energy Sold 

Fraction(%) 

G90 2 32,666,340 17,213,290 16,190,625 48.5 737,575 4.5 

E82 2 32,666,340 17,555,310 15,941,763 48.0 830,733 5.2 

V80 2 32,666,340 18,932,300 14,270,080 43.0 536,040 3.8 
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Af ter analyzing the systems with G90 wind turbines, the energy required for the desalination system totals 
32,666,340 kWh/year, of  which 15,453,050 kWh/year (47.3%) come f rom the 4.0 MW wind farm, and the rest 

(17,213,290 kWh/year) f rom the electricity grid. 

4.3 Polluting gas emissions 

Table 7 shows the amounts of  polluting gas emissions that can be avoided by wind farms with two G90 wind 
turbines. This scenario is for the combination with the highest energy production f rom renewable sources, with 

a total production of  16,190,625 kWh/year. During the year, only 4.5% of  this energy has to be sold to the 
electricity grid due to excess production, meaning the scenario can be regarded as successful, since 95.5% 

of  the energy is used for desalination (Table 6). 

 

                      Table 7. Pollutants avoided by the Wind System. 

Wind farm Pollutant 
Avoided emissions 

(kg/year). 

2 Turbines (G90) 

Carbon dioxide (CO2) 8,732,130 

Sulfur dioxide (SO2) 81,390 

Nitrogen oxides (NOx) 39,710 

 

The RES proposed to supply the maximum possible energy f rom renewable sources to a desalination plant 
with a maximum production of  20,000 m3/day can avoid releasing into the environment 8,732,130 kg/year of  

CO2, 81,390 kg/year of  SO2 and 39,710 kg/year of  Nitrogen Oxides. 

5. Conclusions 
The following conclusions can be drawn f rom the technical-economic analyses conducted for the possible 

installation of  an RES to supply the maximum possible energy f rom renewable sources to a desalination plant 
on the island of  Tenerife. The places on the island under consideration were the Montaña Roja Nature Reserve 

and Santa Cruz de Tenerife. 

The f irst technical-economic analysis was carried out for the capital, Santa Cruz de Tenerife, and yielded the 
f inding that an RES cannot be installed in this location to supply energy to a desalination plant due to 

insuf f icient wind speed and lack of  availab le land to install a solar farm. 

The second technical-economic analysis was carried out for the Montaña Roja Nature Reserve, which has  
good wind potential. Wind turbines f rom dif ferent manufacturers, such as ENERCON, GAMESA and VESTAS, 
were analyzed, all of  them connected to the electrical grid, which yielded very good results, with the G90 wind 

turbines being the systems that can inject the greatest amount of  energy into the electrical system, with a total 
of  16,190,625 kWh/year, of  which 15,453,050 kWh/year (47.3% the energy required) is used directly in the 
desalination plant, with the remaining 4.5% being sold to the electricity grid. These RES avoid releasing into 

the atmosphere 8,732,130 kg/year of  CO2, 81,390 kg/year of  SO2 and 39,710 kg/year of  NOx. The results of  
this study show that the strategy proposed could be appropriate to be used in similar locations in the 

Macaronesia region or in other parts of  the North Atlantic Ocean.  
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Abstract: 

The use of low-carbon hydrogen is called to be one of the key vectors for the decarbonization of the energy 
sector and industry. In that regard, green hydrogen, which is produced through the electrolysis of water using 
renewable sources of electricity, is the process that offers the most advantages. In order to operate efficiently, 
water electrolysis technologies require a water source of near-ultrapure quality. To achieve this, a preceding 
water treatment stage is necessary, and reverse osmosis technology is currently the most widely used. This 
pressure-driven technology has reached maturity, but it still has certain technological limitations and energy 
consumption to be considered. This paper presents a comprehensive literature review of water distillation 
technologies currently available for obtaining the water quality required by green hydrogen electrolyzers. The 
comparison between mature and innovative water distillation processes showed that membrane distillation is 
one of the most promising technologies and that it has proved its effectiveness in the desalination sectors, but 
it has yet to be exploited to produce green hydrogen. This technology uses hydrophobic membranes and can 
be powered by a low-temperature heat source (between 40 °C and 90 °C), which provides opportunities to use 
alternative sources of heat, such as solar, geothermal, and even low-quality waste heat. This presents a great 
opportunity for energy integration with water electrolysis processes, as they generate a low-temperature waste 
heat flow (around 80 °C) during operation, which is compatible in quality and quantity with membrane 
distillation process requirements. 

Keywords: 

Water Distillation; Green Hydrogen; Membrane distillation; Energy Integration. 

1. Introduction 
It is well-known that the fight against climate change and environmental degradation has intensified in recent 
years. In that regard, the energy sector has proposed solutions for its decarbonization, with hydrogen (H2) 
playing an important role as a possible alternative to the use of fossil fuels [1]. Among the main advantages of 
the use of H2 is that it is abundant, non-toxic [2], and has one of the highest energy densities among the well-
known fuels [3] (reaching a low heat capacity of 120 MJ/kg [4]). Additionally, H2 only emits water as a by-
product during combustion [2], is much easier to store and transport than electricity [3] and is flexible enough 
to be used in sectors such as power generation and buildings [5], as well as being a potential solution for the 
decarbonization of sectors difficult to electrify, such as transport [3]. 

Although the use of H2 has increased to a global consumption of almost 90 Mt of H2 in 2020 [6], there is still 
no accurate projection of its demand in the years to come. Several authors [3,5,7–10] have taken different 
base scenarios to make their projections, stating that it will be required from 50 Mt/y of H2 [10] to 2.3 Gt/y by 
2050 [9]. Despite the lack of homogeneity in the projections, a considerable amount of H2 would be required, 
and therefore it would be necessary to find a reliable source from which to obtain it. 

It should be noted that H2 is an energy vector, not an energy source, so its veritable contribution to carbon 
neutrality will depend on how it is produced [1] since it can derive from fossil fuels as from electricity [11]. 
Therefore, a color-coding system is often used to describe the level of "cleanliness" depending on the type of 
source and technology used for obtaining the H2 [4]. The most commonly used colors for H2 are grey (obtained 
by steam methane reforming, SMR), blue (obtained by SMR with carbon capture and storage), turquoise 
(obtained by methane pyrolysis), and green (obtained by water electrolysis) [12]. 

Almost all types of H2 mentioned above are considered pollutants to some degree [13] since they are obtained 
using fossil energies as their primary source. Only the green one is considered a clean source of H2 [4,14] 
since the electricity required comes from low-carbon sources such as renewable energy sources (RES) [13]. 
However, it should be noted that H2 is currently mainly produced by SMR systems of natural gas (48% of the 
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total) or using other fossil sources (48%) [2]. This means that only 4% of the total H2 produced corresponds to 
green H2 [15]. 

Therefore, boosting the production of H2 through water electrolysis using RES presents great potential to 
decarbonize the energy sector [3] and could be crucial in addressing the climate crisis [16–18]. In addition, 
coupling the production of green H2 with electricity generated from RES (which are considered unstable in 
terms of generation) is one of the best methods for storing the excess energy from RES, known as power-to-
gas storage [2]. Other benefits of green H2, and its direct relationship with RES, include its compactness, the 
possibility of being independent of the existing electrical infrastructure, and its attractiveness towards emerging 
markets [19]. 

However, it should be noted that the production of green H2 is still under development, therefore it is currently 
more expensive than the production methods based on fossil fuels [2]. Nevertheless, it is expected that the 
use of green H2 electrolyzers with extended operating hours will enable them to reach competitive costs [20]. 
Furthermore, due to the many advantages listed above, as well as the fact that the price of RES electricity 
continues to decrease [16], it is estimated that its production will expand to reach at least 22% of the total H2 
produced in 2050 [2]. 

The production of green H2 is defined by two main components: the use of RES and the use of water 
electrolyzers [19]. The latter are electrochemical devices that separate water molecules (H2O) into H2 and 
oxygen by passing an electric current through them [20]. In order to operate efficiently, water electrolysis 
technologies require to be fed by a water source of near-ultrapure quality [16]. Consequently, they require a 
previous water treatment (distillation) stage to protect the electrochemical process. This paper presents a 
comprehensive literature review of the water distillation technologies currently available for obtaining the water 
quality required by electrolyzers to produce green H2, as well as other developing processes that show 
considerable potential for entering this market. 

2. Electrolyzers 
Currently, there are several electrolyzer technologies already developed, all of which share the same 
fundaments: water separation in the electrodes, allowing the transport of ions (H+ and OH-) through liquid 
electrolytes or solid membranes [20]. The two main commercial varieties are alkaline water electrolyzers 
(AWE) and proton exchange membrane electrolyzers (PEME) [16]. 

AWE technology has been developed since the 1920s [21], making it the most mature and well-established 
technology on the market [2]. This technology uses aqueous solutions of KOH or NaOH as electrolytes and 
typically operates at temperatures between 60 °C and 90 °C [22] and pressures below 30 bar. Its costs are 
significantly lower than those of other technologies because it does not require the use of expensive catalysts 
[23] and utilizes simple stainless-steel electrodes [22]. This technology presents a response to sudden 
changes in power supply in the order of seconds [23], although very abrupt changes can cause soda-like 
eruptions in the electrolyte [22]. On the other hand, its H2 purity level is slightly lower than those of other 
technologies (in the order of 99.95% [19]), due to the use of a relatively permeable separator that can 
sometimes allow bubbles to pass through [2]. Its feed water quality requirements are slightly more flexible than 
those of other technologies; however, if impurities are present, they can clog the device and contaminate the 
electrolyte [22]. Additionally, very low-quality water feed can lead to faster equipment deterioration. Impurities 
such as Fe, Cr, Cu, Si, AL, and B have the greatest impact on the performance of the system [20]. 

On the other hand, PEME technology began its history in the early 1950s [16] and is now close to its full 
technological development [19]. This system features a compact modularity thanks to the membrane-electrode 
assembly (MEA) concept, which allows easy downsizing [2]. Unlike AWE technology, this system only requires 
the supply of pure water (no electrolyte is necessary), thus its service life is longer, due to the absence of KOH-
induced corrosion [16]. The electrolyte is formed by a solid polymer that allows high conduction of H+ protons 
[22]. Its operating temperature is lower than AWE, being able to operate in a range between 50 °C and 80 °C 
and at pressures below 70 bar [20]. One of its key points is its flexible operation with a fast response time (in 
the order of milliseconds) [23], which allows it a suitable solution for coupling with RES electricity. 

Additionally, the H2 obtained through PEME presents a high purity, typically around 99.99% [19,24]. This 
technology, however, has the disadvantage of being more costly than AWE due to the high-cost catalysts [2] 
and other noble materials, such as Pt or Ir [25], used in the electrolyzer. Furthermore, the precision required 
for the bipolar dishes due to the MEA system contributes to the increased cost of production [22]. In terms of 
purity requirements in the water supply, PEME is one of the most demanding technologies as it is quite 
sensitive to the presence of impurities [22] and this is one of the main reasons for its failure [26]. The 
components most vulnerable to impurities are the solid membrane, the catalyst, and the porous transport 
layers [20]. Among the most harmful elements for the system is the presence of Mg2 and Ca2, as they generate 
precipitates on the cathode side [27], which can lead to irreversible damage. 

Today, the industry is shifting towards the use of PEME systems due to their compact design, fast response 
to dynamic changes, and high purity in the generation of H2 [23,24]. However, AWE systems still have a 
significant market presence due to their lower cost. 



3. Water requirements 

3.1. Quality requirements 

As can be seen, water electrolysis technologies require a minimum degree of water purity to function properly 
and avoid damaging their components [26]. However, detailed studies on the required water quality for each 
type of electrolysis technology are not available [28]. 

Nevertheless, the industrial standard adopted for this purpose is the ASTM standard specification for Reagent 
Water [29]. In this sense, it is recommended to use pure water with a minimum quality of type II of the ASTM 
standard, being preferred type I (ultrapure) for PEME systems [16], as they are more sensitive to impurities. 
Table 1 summarizes the ASTM water quality types. It can be seen that the purity requirement for electrolyzer 
feedwater is quite high, considering that commercially sold distilled water typically has a conductivity lower 
than 10 µS/cm [30]. 

Table 1.  ASTM water quality standard [29]. 

Parameter Type I Type II Type III Type IV 
Conductivity, min µS/cm (25 °C) 0.056 1 0.25 5 
Resistivity, min MΩ-cm (25 °C) 18 1 4 0.2 
TOC, max µg/l 50 50 200 No limit 
Sodium, max µg/l 1 5 10 50 
Silica, max µg/l 3 3 500 No limit 
Chloride, max µg/l 1 5 10 50 
pH value (25 °C) - - - 5-8 
 

3.2. Quantity requirements 

Stoichiometric theory indicates that 9 kg of input water are required for each kg of H2 produced [20]. In reality, 
considering the inefficiencies in the electrochemical reaction, this water demand is typically higher, being 
commonly used an average value of 15 kg of water per kg of H2 [3,8]. Given the maximum projected H2 demand 
of 2.3 Gt/y by 2050 [9], and assuming that all the production relies on generating green H2, the total direct 
water consumption for this projected demand would be around 34.5 Gt/y of H2O [8]. 

However, it should be noted that this water demand only considers the direct consumption by the electrolysis 
process; the indirect consumption of the system, which comes from upstream and includes the water 
consumption for power generation and secondary equipment (mainly water treatment process and cooling 
water requirements) [3], can be up to 20 times higher than the direct consumption [11]. A maximum value of 
126 kg of water per kg of H2 is currently used for global system estimations [11].  

It must be considered that the production of green H2 will interlock the energy-water-nexus in unpredictable 
ways given its direct relation [3]. This relationship, together with the significant water demand, has raised 
doubts about the viability of a green hydrogen-based economy in certain authors [8,31], considering that there 
are already water shortages (of fresh water), and this demand may pose greater water stress in certain already 
affected areas [3]. 

4. Water resource 
The world’s total water resources are about 1.4 billion km3 [32], from which 97.5% is sea and ocean saltwater 
and only 2.5% is fresh water [33]. However, of this total, only 0.27% is accessible for direct use [34], 
approximately 94500 Gm3, with the rest being ice and groundwater. Therefore, the projected water requirement 
for direct electrolyzation feed is relatively small in comparison [3]. Despite this, the idea is not to sum any 
additional burden to freshwater use, considering that certain areas of the planet already have limited or no 
access to fresh water supply [8]. 

It must be taken into account that population growth and increased water demand per capita are among the 
main factors contributing to the problem of water scarcity. Additionally, it should be noted that the effects of 
climate change act in synergy with these two factors to increase water stress [35]. 

The water stress index (WSI) measures the amount of water used relative to the amount of water available 
[35]. However, it should be noted that the WSI only considers the physical availability of the resource. To gain 
a more comprehensive understanding of water security, the inclusion of economic and social indices is 
suggested. In this regard, Gain et al. [36] presented a global water security index (GWSI) that considers criteria 
such as availability, accessibility, security and quality, and resource management. The results of their analysis 
indicated that some regions, particularly in the South, are beginning to experience a water safety problem. 

Moreover, projected scenarios of water scarcity have been generated, estimating that by 2025, the number of 
people facing this problem will reach 2.8 billion, and by 2050 it could reach 4 billion [35]. Similarly, the World 
Water Program estimates that by 2030, only 60% of the world’s required water will be available, and according 
to the OECD, this will drop to 55% by 2050 [32]. These factors have prompted a debate on the need to seek 



new sources of fresh water [32]. Given that, in the context of global water distribution, saltwater is the most 
abundant resource [33], and in light of the other aquatic stressors mentioned above, the possibility of using 
seawater as a source for obtaining fresh water has been encouraged [37]. 

Furthermore, in the context of H2 production, marine environments could be a source of renewable energy for 
green H2 [38]. Moreover, recent decades have seen some researchers [1,16,22,26] consider the possibility of 
generating H2 through direct electrolysis of seawater. In this sense, efforts have been made to develop 
electrolyzers, membranes, and catalysts that can operate with seawater without prior purification [26]. 
However, most studies have come to the same conclusion: a seawater desalination process and subsequent 
feeding of a classic electrolyzer is much cheaper than a potential direct seawater electrolysis process 
[1,16,22,26]. This is mainly because the costs of water desalination, which is estimated to be around 0.1 $/kg 
H2 in the case of using a reverse osmosis (RO) process [1], are minimal compared to the other costs associated 
with a classic water electrolysis process, such as the cost of energy consumed [16]. Additionally, the expensive 
materials needed for direct seawater electrolysis and its technical uncertainties [16], made this technology 
economically non-attractive [16,26,28]. 

Therefore, as seawater desalination processes have already reached a level of maturity and are now 
considered reliable water sources [39], it is recommendable to focus efforts on the technical and economic 
improvement of these processes [16]. 

5. Seawater desalination processes 
The first desalination technologies date back to World War II and have since been gaining traction around the 
globe in response to the increasing demand for water [40,41]. As of now, the global desalination capacity is 
115 Mm3/d [42], with 65% of that total capacity located in the Middle East, particularly in the Persian Gulf [32]. 
The global distribution of different water sources used to supply desalination systems demonstrates that 60% 
of production uses seawater due to its abundance, while brackish water is the second most used resource, 
with nearly 21% of the share [43]. 

There are currently 16876 desalination plants [44] utilizing various technologies to carry out the process. Figure 
1 illustrates the global desalination plant distribution. It is evident that RO technology is the most prevalent on 
the market today, as it consumes less energy than thermal systems and has seen tremendous progress in 
membrane technology [45] since the 1960s [46]. It is worth noting, however, that in some regions such as the 
Middle East (which accounts for 47.5% of the overall market [47]), thermal technologies, including multi-stage 
flash distillation (MSF), are the most widespread [46] and are used in thermal cogeneration. 

 

Figure. 1.  Worldwide water desalination processes distribution [32]. 

In general, technologies are currently classified into two major groups: thermal desalination processes and 
membrane desalination processes [48]. 

5.1. Thermal desalination processes 

In synthesis, thermal desalination processes are phase change techniques [49] that involve heating the feed 
liquid, under certain temperature and pressure conditions, to create a water vapor that will separate it from the 
salts and other non-volatile components in the feed stream. This vapor is then condensed to produce a stream 
of distilled water [50]. The most used thermal desalination processes today include MSF and multi-effect 
distillation (MED). 

As noted above, MSF is based on the principle of boiling seawater (or other feed fluid) at a temperature below 
its normal boiling point, due to the “flashing effect” [40]. An external heat source, usually steam [41], is required 
to heat the feed fluid between 90°C and 115 °C [33]. The feed fluid passes through several stages, where the 
temperature and pressure of each stage decrease compared to the preceding stage [32]. As it passes through 



the stages, some of the heated fluid will evaporate due to the stages being at a pressure lower than their vapor 
pressure. The vapor formed is then condensed on the outer surface of heat exchange tubes where low-
temperature salinized water passes [40], and therefore, a distilled condensate could be collected. MSF facilities 
can consist of 4 to 40 stages [51]. 

Among thermal desalination technologies, MSF is the most widely used method due to its lower maintenance 
costs and longer service life [52]. MSF systems, however, face important technological challenges, such as 
the precipitation of Ca and Mg salts on the tubes of the heat exchanger [53], corrosion [40], and high thermal 
energy consumption [40,49]. Despite these issues, MSF systems provide good-quality desalinated water [54]. 
Although the conductivity values of the desalinated product are scarce at the literature level, Deghani et al. 
[55] demonstrated through experimentation the production of distillate with less than 30 µs/cm from a feed flow 
with 73 mS/cm. 

For its part, MED technology is older than MSF [40] and operates on a similar principle (using a series of 
vessels at pressures lower than ambient). The main difference between them is that MED generates steam by 
spraying the feed water in the form of a thin film [40] onto heat exchanger tubes (evaporator), where steam 
from the previous stage passes [32]. Generally, MED has between 4 to 14 effects [40] and has the advantage 
of working at temperatures and pressures lower than those of MSF, requiring the heating of salinized water to 
only 66 °C [51], thus consuming less energy [40]. MED is suitable for small to medium size plants but is subject 
to corrosion [40] and high maintenance costs due to the utilization of spraying water systems [52]. Their 
desalinated water quality is comparable to that of MSF, given their similar processes [52]. 

In general, the operating principle of thermal distillation technologies is simple, but their operating and 
maintenance costs are high due to the high pressures and temperatures needed to operate them. Moreover, 
they have low desalination efficiency [56] and require large amounts of energy for the evaporation of water 
which needs sensitive and latent heat [47], making it difficult to implement them on a large scale [57]. 

5.2. Membrane desalination processes 

Membrane technologies utilize various types of permeable membranes to separate and isolate salts and 
impurities on one side of the membrane, thereby achieving salt-water separation [56]. The most common 
membrane processes are RO, nano-filtration (NF), and electrodialysis (ED). The membrane characteristics 
required for effective separation, such as pore size and mechanical strength, will depend on the type of 
process. 

The RO process is the most widely used membrane technology, and it involves forcing seawater through a 
semi-permeable membrane (water permeable, but not salt permeable) using a pumping system that requires 
an electrical supply. The hydraulic pressure applied must be higher than the osmotic pressure, which is related 
to the concentration of salts in the feed stream [57]. Therefore, the salt concentration directly affects the 
electrical energy consumption of the system and thus its operating cost (which is one of its main operating 
costs) [40]. Typically, these systems operate at pressures between 54 bar and 83 bar for seawater desalination 
[40]. 

Despite the development of energy-efficient RO systems, as well as energy recovery devices, which have 
resulted in decreasing the capital and operating costs of the system [16], the increased electrical energy 
demand to process high salinity solutions remains one of their primary challenges [50]. Additionally, the 
presence of fouling, defined as the process in which an undesirable material (foulant) adheres to the surface 
or pores of the membrane [58], is another issue that must be addressed as it can lead to blockage of the 
membrane and, eventually, complete plugging of the system [40]. Therefore, in order to maintain a constant 
permeate flow, an increase in the operating pressure will be required, resulting in higher operating costs [59] 
and reduced process efficiency. This will ultimately impact the overall performance of the process. 

For this reason, RO systems typically require a pre-treatment stage, both physically and chemically [16], to 
ensure their proper operation and to reduce the risks posed to the membrane [57]. However, this also carries 
environmental risks due to the use of chemicals to control fouling, which could have an adverse impact on the 
sea [60,61]. For example, the use of coagulants such as ferric salts can cause the coloring of the outlet stream 
(called red brine) and thus increase the turbidity and reduce the light penetration in the water [62]. In terms of 
water quality, the distillate produced will depend on the initial quality of the feed stream, the membrane 
properties, and the operating pressure of the system [52]. However, it has been demonstrated that the quality 
of desalinated water tends to be lower than that obtained from thermal systems [63], and therefore in many 
cases a second desalination stage or supplementary process is required. 

NF is a pressure-driven process with certain similarities to RO (in fact, its operation is between that of RO and 
ultrafiltration [64]) but it is capable of operating at lower pressures, higher flow rates, and with lower investment 
costs [65]. NF has a membrane pore structure that is larger than that of RO, allowing more salts to pass 
through it [66]. Generally, it has a high rejection rate for divalent ions (around 98%) [64], however, there are 
certain issues when it comes to the total removal of NaCl in desalination processes [59]. Despite this, some 
studies [67] have achieved quality results comparable to those of RO when used with salinized water. 
Ultimately, the choice between NF and other water treatments will depend on the quality requirements, the 



quality of the input water, and the capacity required [67]. As is the case with RO, NF also presents problems 
with fouling control and difficulty in controlling the pore size of the membrane [68]. 

Another membrane process is the ED, which is an electro-membrane process in which ions are transported 
from one solution (the feed) to another via a membrane, due to the application of an electrical potential 
difference [66]. It should be noted that the cost of the process is proportional to the number of salts transported 
to the membrane, so it is recommended to use it for fluids with a low concentration of solids (between 8 g/L 
and 10 g/L) [49]. Furthermore, other membrane-based processes, such as microfiltration and ultrafiltration, are 
not recommended for desalination processes. Nevertheless, these technologies have found a market as a pre-
treatment process for RO systems [49]. 

5.3. Problems of current desalination technologies 

As has been seen, the increasing demand for fresh water coupled with its scarcity has led to the use of 
desalination technologies as one of the main solutions. Although these technologies have already reached a 
certain level of maturity, they still have challenges to overcome, particularly those related to the discharge of 
brine [49], high investment costs [56], and high energy consumption [45]. Concerning the latter, it has been 
noted that desalination processes can consume from 8 to 20 times more energy (thermal or electrical, 
depending on the process) than conventional surface water treatments [69]. For example, the current 
consumption of electric energy by desalination processes is 56 TWh, however, it is estimated that by 2040, 
this consumption would become the second-largest energy-intensive process in the entire water sector with 
345 TWh, only surpassed by the water supply energy demand [70]. In addition, high energy consumption is 
often accompanied by increased greenhouse gas emissions [46]. This is especially true because many 
desalination systems are still powered by fossil fuels [71]. It is estimated that, overall, 23 kg of CO2/m3 of 
desalinated water are currently being released [63]. 

Moreover, the technologies mentioned above are designed to be economically viable in large-scale operations 
(in most cases, the scale is the most influential factor when it comes to capex). For example, in the case of 
RO, a typical current plant produces 0.1 Mm3/d of water [72], while commercial electrolyzers do not exceed a 
power of 10 MW, which is equivalent to the use of approximately 125 m3/d of water [26]. This illustrates the 
significant difference in scale between the two processes. 

Therefore, it is necessary to find alternative desalination processes with reduced greenhouse gas emissions, 
lower energy requirements and that can be powered by renewable sources or waste heat [37], in order to 
sustainably meet the world’s growing demand for fresh water and feed water for electrolyzers. In this regard, 
forward osmosis (FO), reverse electrodialysis (EDR) and membrane distillation (MD) are the principal 
emerging technologies on the market (the 1% of others, as seen in Figure 1). 

FO consumes less energy than RO, since it does not require external hydraulic pressure and has a lower 
fouling tendency [50]. However, it still poses certain technological challenges in extracting water from the draw 
solution to regenerate the cyclic process [47]. For its part, EDR works similarly to ED (see section 5.2) but with 
the added capability of reversing the polarity of its electrodes during specific time intervals, enabling it to 
minimize fouling and remove deposited materials [47]. However, like ED, its energy consumption depends on 
the feed concentration, making it more suitable for solutions with low salinity. Finally, MD doesn’t require a 
high electrical consumption and has the potential to be more energy efficient than other processes when 
valorising waste heat or renewable heat sources, which make it one of the most promising technologies to 
date for desalination. 

5.4. Membrane distillation technology 

MD is a non-isothermal membrane process that is based on the generation of a steam phase in a hot solution 
stream, close to the surface of a membrane [34]. The vapor will be able to pass through the membrane (the 
hot side of the system) and then condenses onto the cold side of the system, where cold distilled water 
circulates. This process is made possible by the use of hydrophobic membranes, which allow only the passage 
of steam, and volatile compounds, while retaining the liquid part in the hot stream (which contains dissolved 
salts and other non-volatile compounds) [73]. In this way, a permeate (distilled water) can be obtained on the 
cold side of the system. Figure 2 shows a diagram of a counter-current MD system. 

The driving force of MD is the difference in partial vapor pressure between the hot and cold side of the system. 
This difference is responsible for converting some of the molecules in the supply liquid into vapor [48], thus 
initiating the mass transfer process described above. MD systems are considered thermal-driven since the 
partial pressure difference is related to the temperature gradient on the membrane sides [74]. In order for MD 
to be effective, a temperature difference of at least 20 °C must exist between the two sides of the system [75]. 

The membrane material and its characteristics are among the most important parameters for the successful 
operation of MD systems. As the physical barrier between the hot and cold side of the system, its properties 
will influence the heat and mass transfer. Generally, MD membranes have a pore size between 0.2 µm and 1 
µm [76], with a porosity between 65% and 85% [77], a tortuosity regularly assumed to be 2 [78], and a thickness 
between 0.04 mm and 0.25 mm [79]. Polymers such as PTFE, PP, and PVDF are commonly used for the 



fabrication of MD membranes [61], due to their ability to be modulated in terms of intrinsic properties and low 
surface tension [77]. 

  

Figure. 2.  Diagram of a counter-current MD system.  

In addition to the previously mentioned points, MD technology has other advantages. For instance, it is almost 
insensitive to the initial concentration of the feed stream, which causes problems in other distillation systems 
[61], and has a high rejection factor, with leads to a theoretically complete separation [80]. Additionally, MD 
systems are robust, compact, and modular [73], thus reducing investment costs [34]. 

On the other hand, the main drawbacks of MD technology are its low permeate flow and high energy 
consumption [50] (cf. 5.4.1). The low permeate flow can be attributed to the air trapped in the membrane, 
which introduces resistance to the mass transfer [80], with a greater effect than on pressure-driven processes. 
The high energy consumption is due to MD being a phase change process, which requires a large amount of 
thermal energy [74], but at a low temperature. 

Studies [39,81–84] have shown that distillates produced through MD technology can have electrical 
conductivities ranging from 2 and 5 µS/cm, with high salt rejection (higher than 99.7%). Furthermore, a second 
MD distillation stage can improve the purity of the distillate, reaching values near 0.7 µS/cm [81]. It has been 
found that the quality of the distillate is not affected by the initial operating conditions (temperatures, flows, 
concentrations) [39,82], due to the membrane, which does not allow for the passage of liquid. However, it is 
important to note that the operating conditions will influence the time required to achieve low-conductivity 
distillates since MD technology tends to start its operation producing distillates with high conductivity, which 
will decrease over time (generally taking a bit less than an hour) [82]. 

5.4.1. Comparison with other technologies 

Table 2 shows a comparison of parameters between the main water desalination technologies used to date 
and MD technology. 

Table 2.  Comparison of water desalination technologies. 

Parameter RO MSF MED MD 
Electric consumption (kWh/m3) [63] 3.7 - 8 2.5 - 5 2 - 2.5 0.6 - 1.8 
Thermal energy consumption (kWh/m3) [49] - 190-390 230-390 100 - 800 
Water quality (ppm TDS) [63] 200 - 500 10 10 10 
Unit product cost (USD/m3) [49] 0.52-0.56 0.52-1.75 0.52-1.01 No information 
Maximal feed salinity (g/L) [43] 70 180 180 350 
Water composition changes tolerance [57] Very low Medium - High High High 
Fouling [57] High - - Low - Medium 
CO2 emissions (kgCO2/m3) [51] 1.75 - 2.79 5.56 -25 4.38 - 17.6 No information 
 

Table 2 reveals that MD technology has several advantages over conventional technologies, and a comparison 
with the dominant technology in the market, the RO, reveals even more advantages. For example, MD is not 
limited by a maximum osmotic pressure [85], and the hydrostatic pressure required is much lower than that of 
RO systems [80], which allows for the use of less resistant materials. Additionally, the membrane required for 
MD is simpler and has a larger pore size, which reduces the risk of fouling [48], resulting in improved cost 
recovery [74]. 

In addition, focused on obtaining adequate water quality to feed water electrolyzers, it can be seen that RO 
yields the lowest quality among the compared technologies, due to its reliance on the quality of the input water. 



Typically, at the industrial level, at least two RO stages are needed to achieve acceptable quality. On the other 
hand, thermal technologies, MED and MSF, yield better-quality water, albeit with somewhat higher conductivity 
than with MD [55,82].  

Even though the amount of thermal energy needed for MD is much higher than for other systems, there is a 
critical point to consider: the thermal energy required differs in quality from the thermal systems. Conventional 
thermal systems require energy sources with temperatures above 90 °C for MSF and at least 70 °C for MED, 
while MD systems require flexible low-temperature heat, in the 40 °C to 90 °C range [86], making it more 
economically attractive [63]. Furthermore, the quality of the required heat provides opportunities to use 
alternative sources of heat, such as solar, wind, geothermal, or even waste heat, making the MD technology 
more environmentally attractive. 

5.4.2. Potential use of waste heat 

In this regard, the use of waste heat is versatile due to its various forms (liquid, gaseous or diffuse) and 
temperatures, which are specific to the industrial process from which they originate [71] and gives it different 
valorizations. However, its ease of use depends on aspects such as continuity, temperature range, heat 
transfer modes, and location between source and place of use [87]. Despite these barriers, there is immense 
potential for this resource to be exploited in various ways [87]. 

Estimating the existing total waste heat is complicated by the fact that it is difficult to quantify with certainty due 
to the constant changes in the overall energy mix [88] and changes and variations in the processes that 
generate this heat. Few studies have sought to quantify the potential of the waste heat field, yet, some 
estimations indicate that the total waste heat released at a global level would be between 68.2 PWh [87] and 
72.7 PWh [88]. It is also estimated that the waste heat could reach 89.4 PWh by 2030 [88]. 

However, it should be noted that these projected values only reflect the amount of waste heat, not the amount 
of energy that can be converted into work, known as exergy [87]. Thus, an exergy analysis, taking into account 
the quality factors, known as the Carnot factor [88], related to the source temperature, is necessary to quantify 
the true potential of the waste heat that can be used [87]. To this end, it is necessary to recognize different 
temperature scales at which waste heat occurs. For example, according to the quantification of Forman et al. 
[87], 20.6% of the waste heat is above 300 °C (high quality), 16% is between 100 °C and 300 °C (medium 
quality) and the rest is below 100 °C (low quality). By applying the corresponding Carnot factors for each 
temperature range, and for each sector from which the waste heat originates, the authors obtained a theoretical 
waste heat potential of 13400 TWh, which is only about 20% of the total waste heat that can be recovered and 
used.  

As can be seen, there is an abundance of waste heat resources that can be recovered and exploited. 
Moreover, when using this heat source, it is considered that its utilization will not add CO2 emissions to the 
balance, as there is no additional fuel needed [71]. However, it is worth noting that it is not entirely free energy 
(although some studies consider an investment of 0 to simplify the calculations) since its use entails costs 
related to collection, transportation, processing, and operation, which in some cases may make the use of 
conventional energy sources more feasible [89]. For this reason, a technical-economic analysis should be 
carried out in each case of study to ensure the usefulness of the exploitation of this resource. 

5.4.3. Potential coupling with hydrogen electrolyzers 

The coupling of MD systems and green H2 generation systems also presents multiple opportunities for 
exploiting waste heat. The electrochemical reaction of the electrolyzers generates residual heat, due to their 
inefficiencies [90], which is usually dissipated by a cooling water circuit. The operating temperature of the 
electrolyzers is typically between 50 °C and 90 °C (depending on the type of electrolyzer) [91,92], which has 
already been shown to be useful to powered district heating networks when the urban area is close to the 
electrolization plant [90,93].  

Therefore, the heat dissipated by the electrolyzer has a quality that can be used by an MD system, which can 
be energetically powered by the cooling water of the system. Additionally, the regular configurations of 
electrolyzers AWE and PEME have certain heat exchangers (for refrigeration) [20] with potentially usable 
dissipated heat. Some examples are the KOH cooling system in the electrolyzer stack (in AWE systems) or 
the inter-stage cooling system in the hydrogen compression process. 

Some studies have detailed figures on the heat dissipated during the operation of water electrolyzers. Tiktak 
[90] reported 171 MW of heat dissipated at a temperature of 77 °C while operating at a nominal production 
rate of 5.25 kg/s of H2. Similarly, Burrin et al. [91] estimated 0.31 kW of heat at 75 °C during the generation of 
18.7 kg/h of H2. When taking into consideration the equivalence of kg of water required per kg of H2 (as 
discussed in Section 3.2), it can be estimated that the electrolysis systems release 604 and 1120 kW/m3 of 
required water, respectively. The potential to use this heat in MD systems can be clearly appreciated when 
compared with the energy demand values presented in Table 2. Despite the potential presented, the MD-green 
H2 coupling has not been studied yet, so it is essential to promote these projects to dispel the uncertainties of 
these systems. 



6. Conclusions 
The present study conducted a comprehensive literature review of water distillation technologies oriented 
towards producing hydrogen using water electrolyzers that are powered by renewable electric energy (green 
H2). These devices require water of a quality bordering on ultrapure to operate without the risks associated 
with their electrochemical reaction. Therefore, considering the projections of water requirements for a future 
green H2 market, the most viable form of water treatment appears to be seawater desalination. 

In this regard, today two large groups of technologies dominate the market: thermal technologies (25%) and 
membrane technologies, where the main and dominant is RO (69%). However, these technologies still present 
technical and economic challenges, including high investment costs, high energy consumption (either electrical 
or thermal), and carbon emissions (linked to the use of fossil fuels). 

For this reason, several new technologies are being proposed as potential solutions to these challenges. 
Among them, membrane distillation technology presents the greatest potential, due to the quality of water it 
produces, its flexibility with different feed fluids, and its low-quality heat requirement, which opens the 
possibility of working with renewable heat sources and waste heat. The latter opens the door for the coupling 
of MD systems with green H2 generation systems, as there is potential waste heat, in quantity and quality, 
during the electrochemical reaction on the electrolyzers that could be used to power the MD process. 
Nevertheless, this technology is still under development, and the study of being coupled with green H2 
generation systems has yet to be conducted, so there remain uncertainties to address. 
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Abstract:
In this paper a collaborative experience towards the development of a new joint master degree is presented.
The design of the curriculum has as main pillars: a) to provide an interdisciplinary view and approach to
advanced water treatment solutions, and b) the development of the curriculum is done according to the new
challenges for Higher Education in Europe, therefore providing references of good practices with this respect.
The experience is worth to be shared as in an immediate future the expected collaboration among Higher
Education Institutions in Europe is to increase if an integrated and high quality Higher Education Area is to
be developed. The ongoing reviewing/re-structuring process of higher education programmes provides the
opportunity to promote new types and levels of learning new technologies and practices in and through pan-
European collaboration. The proposal that is motivated by the need for a green approach to water treatment.
Like many other industries, water and wastewater treatment plants also face the problem of a staffing shortage.
Efficient and productive workers that are skilled in the business are necessary to properly manage water
systems. Automation may be a potential solution to this shortage. Not only will it fill in the gaps of needed
employment, but it will also put less stress on existing workers. To this aim the Next generation Industrial
Control Engineering for Sustainable water system Treatment (NICEST) project is presented in this paper.

Keywords:
Water Engineering, Control Technology, .Higher Education

1. Introduction
There is by now (almost) no doubt that to establish joint collaborative experiences on curriculum design and
the establishment of joint degrees in particular is one of the major challenges of the forecasted European
Higher Education Area. [6] In particular to work for a joint degree puts on the table existing differences both
on academic conception of courses and on established procedures for administrative matters. In fact, Feel
Europe!! This could be a possible synthetic way of expressing one of the major characteristics asked for to
the newly developed study programmes at European Level. Integration of parts of the curriculum to be offered
by leading institutions (therefore taking advantage of acquired expertise) as well as offering the possibility of
realising the different cultural experiences both from academic and social points of view.
To overcome these differences is not an easy task. It is the author’s opinion that an actual barrier that avoids
having a large number of experiences is the lack of knowledge on how to tackle such an interdisciplinary project
or, even not knowing what are the problems that the consortium will need to face with.
This communication’s aim is to present what the authors experienced as the road taken in order to establish
an international joint master degree. It is intended to be a guideline both for the kind of problems that arise on
such projects and suggestions for strategies that will help to face them. Different faces of the overall process
are presented, highlighting the strategies to follow and the important points to take into account that may be
possible source of problems.



Regarding the scope of the study programme, this is motivated by the need for a green approach to water
treatment [1]. In fact, the water sector is a key one where digital innovation plays a key role looking forward
to the European Green Deal challenge. The Water Sector is at the core of the environmental debate. Water
is, quite simply, the most essential natural resource on the planet. Global water challenges affecting water
resources, such as climate change, population growth, increasing urbanization and ageing infrastructure, con-
tinue to intensify. The European Green Deal is that response. It will drive us forward to climate neutrality by
2050 and at the same time focus on adaptation. The key strategy for the period 2019-2024 is and will be the
Twin Transition to a green and digital economy firmly grounded in the objectives of the European Green Deal.
No attempt to establish a Green Economy can be successful if it does not involve the water sector in all its
facets. Like many other industries, water and wastewater treatment plants also face the problem of a staffing
shortage. Efficient and productive workers that are skilled in the business are necessary to properly manage
water systems. Automation may be a potential solution to this shortage. Not only will it fill in the gaps of
needed employment, but it will also put less stress on existing workers. The ongoing reviewing/re-structuring
process of higher education programmes provides the opportunity to promote new types and levels of learning
new technologies and practices in and through pan- European collaboration. Currently, there is no programme
offered in Europe similar to the one being proposed, nor to modern control systems technology nor with its
application to the operation of water systems. The prospective master degree is expected to fulfil the demand
for well-qualified personnel required with an enhanced capability for solving many of the water supply problems
foreseen in the next 20 years.
On the basis of the two broad issues above, the rest of the paper presents first the rationale; in Section 2.;
and innovative and added value of the intended study programme in Section 3.. The rest of the sections
are aimed to provide a road-like view to help understand as well as to serve as starting point/reference for
those that want to undertake a project like this one. Accordingly, Section 4. will present the three general
axes to be considered. Those are developed in the corresponding subsections. Additional considerations
regarding economic management, student services and transversal issues are reflected in Sections 6., 7. and
8., respectively. The paper end with some conclusions.

2. The topic: NICEST rationale
This study programme is motivated by the need for a green approach to water treatment. In fact, the water
sector is a key one where digital innovation plays a key role looking forward to the European Green Deal chal-
lenge. The European Green Deal was stated as one of the six ambitions/objectives for Europe described by
Ursula von der Leyen in 2019 [1]. The increase in global temperature, the depletion of natural resources and
continued biodiversity loss, undermine our security and prosperity. The Water Sector is at the core of the en-
vironmental debate [2]. Water is, quite simply, the most essential natural resource on the planet. Global water
challenges affecting water resources, such as climate change, population growth, increasing urbanization and
ageing infrastructure, continue to intensify. The European Green Deal is that response. It will drive us forward
to climate neutrality by 2050 and at the same time focus on adaptation. The key strategy for the period 2019-
2024 is and will be the Twin Transition to a green and digital economy firmly grounded in the objectives of the
European Green Deal. No attempt to establish a Green Economy can be successful if it does not involve the
water sector in all its facets. An important advance towards such progress faithfully reflects the second factor
of the Twin Transition: Digitalization.
The problem of diminishing clean fresh-water resources facing Southern Europe and most other parts of the
world is very serious. Water is essential for life and is central to both industry and agriculture. The demands on
water infrastructure are increasing and have to deal with population growth and climate change. Furthermore,
in all Mediterranean and Middle Eastern countries, the scarcity of conventional freshwater resources poses a
serious threat to their sustainable socio-economic development. In planning for water uses in various human
activities, especially in such arid areas, a primary objective should be sustainable development. This target
transcends national boundaries, demanding that society should utilize available water resources in a way that
will ensure their availability for generations to come. In addition to political vision, water availability problems
need technological know-how for their solution. Moreover, specific efforts are focused on water reclamation
and reuse while the recovery of added value products and energy represents a challenging option under the
water-energy concept. It is not surprising that both the United Nations and the US National Research Council
indicated wastewater reuse as a yet untapped available water source. Water reuse is an integral element of
sustainable water management, keeping a viable resource in the natural cycle, and allowing its preservation
for future uses, at the same time meeting present supply requirements. According to UNESCO, improved
wastewater treatment and increase in water reuse, as called for in Sustainable Development Goals Target 6.3
(Clean Water and Sanitation), will support the global transition to a sustainable circular economy. Hence, a
selective approach for wastewater recovery to provide water at specific quality standards for different reuse
objectives (industrial, agricultural and even potable) is nowadays desirable and technologically feasible. This
”fit-for-purpose” approach to water reuse could both save water and would reduce production cost and energy



demand by eliminating unnecessary treatment and long-range conveyance, as it typically aims at local reuses,
but it requires appropriate plant and control configurations.
All of these issues, and the global challenges that lie ahead of us in the next few decades, mean that Envi-
ronmental Engineering will rapidly become one of the most important areas of Engineering. Water resources
protection, efficient water uses and recycling, air and soil pollution and materials and energy recovery from ef-
fluents and wastes are just a few of the problems that need to be tackled in order to assure sustainable growth
of the world economy and ecosystem stability. These problems are relevant in both industrialized countries,
where solutions are already being found and implemented, albeit not always at the necessary pace, and in
developing countries, where interventions according to the state of the art of technology should be concurrent
with ongoing development.
Many environmental problems are related to large scale, geographically distributed control system problems:
the regional management of water and wastewater resources at basin scale are conceptually and techno-
logically comparable to the management of a regional or national High Voltage Transmission system. The
daily management and operation of a large wastewater treatment facility can be compared to a medium-scale
industrial process, where optimization and real-time control can contribute to increased productivity and op-
portunities for water reuse (better effluent quality) and lower costs (mainly energy and process requirements).
A similar situation can be found in waste incinerators with recovery of electrical and thermal energy. Unfor-
tunately, this combination of knowledge has seldom crossed the realm of applied research and has never
become part of an academic curriculum, except occasionally at taught postgraduate level.
Digital monitoring solutions can help to optimise the management and control of wastewater treatment plants,
which may result in higher degrees of energy efficiency as well reductions in chemicals used and carbon or
other gas emissions achieving at the same time an effluent of high quality; such an approach is becoming
significant considering the variable composition of the influents and the strong effect of environmental condi-
tions to the operation. Nevertheless, the achievement of an effluent of constant quality will allow for its reuse in
various applications requiring safe water. Employing such tools, digital process information can be used to sim-
ulate possible configurations of a plant for varying design parameters (e.g. inflow conditions) in order to identify
the optimal configuration of wastewater management and reuse systems at different scales and to determine
the potential for extraction of valuable materials. With regards to data reporting processes, digital solutions
can provide valuable input, with regards, for example, to water quality monitoring designed to support the im-
plementation of the Water Framework Directive (WFD). Green innovative technology has been improving the
way we treat water so that the environmental footprint left by wastewater treatment plants is smaller and less
impactful. With automation and innovation moving forward, we can continue to expand on these ecofriendly
technologies to make wastewater treatment greener.
All the previous issues and scenarios, moved us towards the need for the development of a Joint Degree Master
Programme entitled Next generation Industrial Control Engineering for Sustainable water system Treatment
(NICEST) according to the European Higher Education principles. The objective of this Master Programme is
to fill a rapidly developing gap that is emerging for graduates that are trained in key processes and management
associated with water supply and reuse. There is great demand for such graduates at the

3. NICEST added value
Innovations in the water domain are fragmented and often experimented at small scales. Thus, there is a need
to strengthen the innovation capacity of the water industry. Even a 1% increase in the growth rate of the water
industry could create up to 20,000 new Jobs - from Water Reuse in Europe - Relevant guidelines, needs for
and barriers to innovation, Publications Office of the European Union: JRC92582).
There is a wide variety of master’s degrees in various aspects of environmental engineering outside Europe
coming from the USA and with small but developing groups in Asian counties. From a review carried out by
this Consortium, as well as from other sources, we can conclude that conventional water treatments are well
covered in EU degrees, either from the technology or the management viewpoint. However, there is a real and
urgent need for specialised and regular training in newly developed technologies and areas not covered by the
current schemes. There are several MSc programmes covering conventional municipal and industrial water
treatment. Some of the programmes are aimed at the science and technology of water provision, while others
are more focused on the water management systems.
However, curricula analysis demonstrates a clear skills mismatch related to the employers’ expectations. The
current master-level curricula in water seldom involve Big Data, IoT or other digitalisation approaches or results,
and on some occasions, process simulations. The industry is also occupied with further development of
conventional solutions. It is important to bridge the historical gap between control engineers and process
specialists in order to overcome the many technological and physical challenges in the sector and support the
existing EU research and innovation initiatives.



The NICEST scheme offers a unique programme of education in Desalination and Water Treatment Technolo-
gies. It addresses the major developing areas of the subject giving the prospective student state of the art
knowledge and opportunities to specialise in the major areas of the subject, Desalination, Water Reuse and
Wastewater Control Systems. These are key areas of technology and infrastructure in a developing world that
will be required to deal with the threats of climate change and help with conflict resolution based on resources.
The Master’s degree will fulfil the demand for well-qualified personnel required with an enhanced capability for
solving many of the water supply problems foreseen in the next 20 years. It will also support these rapidly de-
veloping commercial areas of water technology worldwide. Currently, there is no programme offered in Europe
similar to the one being proposed.
Because of the approach an also because the water thematic field is at the forefront of the EU and local
governments agenda, the project is aligned with European policies:

• supports strengthening the competitiveness of EU water business through talent and innovation in higher
education according to the Strategic framework for European cooperation in education and training [6].
It also addresses revitalisation of educational focus towards the growing mismatch between the digital
skills water specialists acquire and the demand on the labour market accounting the water digitalisation
trend and supporting development towards Digital Single Market.

• focuses on digital technology for teaching and learning, developing digital competences and skills and
improving education through better data analysis and foresight meeting the goals of the EU Digital Edu-
cation Action plan. [8]

• is designed to support the implementation of the European policy agenda for growth, jobs, equity and
social inclusion referring to the importance of education and employment. This will transform the teaching
and learning of digital skills in a lifelong learning perspective. This will further develop digital skills for the
digital economy, e.g. upskilling and reskilling workers and jobseekers, career advice and guidance.

4. Joint Study Programme elements
The road presented arises from an international experience in new Curriculum Development from the perspec-
tive of the new challenges for Higher Education in Europe, and with an interdisciplinary approach to content
design [3], [7]. One of the factors stressed in the communication is the need for collaborative work among
academic and administrative staff. To run an international joint degree implies different procedures than the
ones actually running on standard national degrees.
Different faces of the overall process are presented, highlighting the strategies to follow and the important
points to take into account that may be possible source of problems:

• Curriculum Structure: topics like the following ones, among others, should be taken into consideration:
ECTS adopted as the central concept on the curriculum structure; Mobility designed as an integral part
of the curriculum; Integration Actions to let the students know the corresponding local cultures; Teaching
and Learning methods are programmed as a mixture of classical (frontal teaching) and modern (read
e-learning and web based) methods.

• Curriculum definition management: Adopted roles and procedures: (i) the use of tools for collaborative
work is showed to play a central role in the sharing of information and in the development of coordination
and communication aspects among partners, (ii) creation of Committees (steering, admission, quality) to
tackle the different management aspects and assuring all partners are involved in the different tasks, etc

• Academic, Administrative Procedures and legal aspects: with no doubt different legislations will go into
conflict. People coming from academia are not generally aware of all the pinpoints concerning these
issues. In addition to put together administrative staff from the different partner members, joint and
collaborative work with administrative staff is a must in order to guarantee the success of the experience.
The authors are a representative of this collaborative work.

On a broad sense, the idea is to expose on a clear way the implications of this kind of ventures trying to identify
the cornerstones of the process in order to assure as much as possible the success of the experience. The
sections that follow are organised in such a way that constitute a first step towards a practical guide of the
different aspects to be considered. It is a fact that the actual lack of homogeneity among different national
legislations and national degrees structure across Europe constitute a continuous source for difficulties and
barriers that are to be solved. This situation constitutes an extra reason for a clear as possible guided road to
the establishment of an international joint degree.



4.1. Curriculum Structure
The definition of the curriculum should be done from a holistic point of view. It is a usual practice just to put
together modules offered at the partner universities in order to generate the global master offer. This usually
provides a curriculum with no added value. One of the important points the consortium has to be able to
highlight is the added value of the joint degree with respect to the individual courses offered at the partner
universities: something that cannot be done by the partners on their own way.
The design of the curriculum is intended to be done on a top-down basis. Starting from the general goals that
the consortium is committed to meet and melting down to de details of each one of the integrating modules.
There are some basic questions the consortium has to fix. Even sometimes they seem too basic and obvious
it is important to agree on every point from the very beginning. They can by classified on the basis of the
aforementioned top-down manner. General Questions at degree level:

• Degree offered (Joint degree, double degree): It should become clear from the very beginning if all
partner institutions can award a joint degree (it may depend on local regulations and on each country
legal framework) or if double degree awarding is needed. All EHEA countries are supposed to adapt
their legal frameworks according to the Bologna process standards prior 2010. To obtain a Joint Degree,
a minimum of one semester mobility has to be done to another partner institution (host university/ies).

• Diploma Supplement: Will the Diploma supplement be used? If so the form and content should be
agreed.

• What will be the Language of instruction? Use of local languages will introduce the need for deep
knowledge of different languages on the students. It is therefore natural to ask for a common language
for instruction even local languages are to be introduced in order to help the introduction of local culture
settings and to help students

• What will be the mode of study? (full time basis, distance learning based, ...)

• What will be the duration of study? 12 months, 24 months.

These questions can be identified as operational aspects. However, the consortium has also to be able to
answer content related questions like: What is the added value of the programme with respect to existing
studies? What are the learning outcomes/competences/skills? Professional Qualifications?
With respect to the course structure it is important to think on mobility aspects. What kind of curriculum is
desired?

• Will the student we allowed to choose a path from the very beginning? This means the initial hosting
institution may not be the same for all the students.

• Will there be the possibility of taking the same modules in more than one institution? This situation
will introduce elements of choice based on geographical location more than on educational content.
Therefore an unbalanced flow of students may be generated.

Advantage of the local expertise of the partners should be taken and the corresponding specialisations or
elective options offered.
At module level, the description suggested from the ECTS User’s guide [3] is to be employed. A common
module description has to be adopted by all partners in order to facilitate both, coherent information to students
as well as transfer of grading and student records information.
4.1.1. Local Constraints

When defining the global structure of the study programme it should be beard in mind that local approvals will
be needed from each partner institution (and, in some cases from the local governments). This raises the point
that the final structure of the programme should accomplish with local constraints:

• Do all the partners understand and apply the ECTS under the same terms?

• What is the number of elective credits to be offered?

• Is it mandatory to assign a minimum number of credits to the Master Thesis?

• Should the programme assure methodological and/or local culture credits?

The existing local regulations at national level will establish if the awarded degree can be a joint degree or a
double degree. For a joint degree it will be needed that all partners be in disposition to award a joint degree.



4.2. Curriculum definition management
4.3. Academic, Administrative Procedures and legal aspects
Admission to the programme is one of the important points the consortium has to agree on. Possibly, each
partner institution will have its own procedures and selection criteria. The possible conflicts have to be detected
as early as possible. Therefore, each partner has to provide a detailed description of the procedures, required
information and documentation the student has to provide as well as the minimum requirements; according to
the corresponding national legislation; for a student to access to the degree. Therefore:

• Common standards for admission should be established: mandatory admission requirements. These
standards have to accomplish with all institutions requirements. Required documents have to be legalised
by at least one of the participating institutions embassies, and the rest should recognise them. It is
also advisable that all institutions accept documents officially translated in English or any other agreed
language. All these recognitions will make easier the legal procedures that non-EU students will have to
follow.

• Common application procedure should be agreed and put in place by the coordinating institution as the
consortium secretariat has to be the contact and entering point to the study programme. Note this means
that just one application form will be available and that this application form may not be that of any partner

• Joint student selection procedure should be organised by the coordinating institution. The criteria on the
basis the applicants will be ranked should be clear and agreed. This will allow to create an applicant
scale on the basis of; for example; Accepted / Waiting List / Accept to Waiting List / Cannot Accept

During the entire admission process, staff from the consortium secretariat should be in touch with the candi-
date and inform him/her on actions to be taken, missing / incomplete documents etc. In addition, dates and
timing for application have to be announced. Once the Admission Committee has reached its decision, it is
recommended that successful candidates are put in touch with local accommodation offices so that suitable
accommodation can be arranged in a timely manner.
Special attention should be put into the troubles some third country students may have in getting the corre-
sponding visas in order to enter to the partner institutions countries. For example, the visa may only be for
6 months. In addition the student may be required to be in their home country to get the visa. This is not a
problem for the firs country he/she is to visit. However if the mobility requires the visit to another country this
may imply an extra travel. Therefore to be taken in to account in order to minimize foreign student travel.
In case the master is going to deliver a double/multiple degree, every institution will need a certified copy of all
admission and registration documents, having to update the academic transcript of all those students that are
going to receive the degree issued by their institution (those spending at least one semester).

5. Academic Management
Academic management will be one of the major tasks coordinated by the consortium secretariat and will
encompass a sequence of tasks that will follow the life of the student within the programme from its very
beginning.
The Consortium’s Secretariat will keep the full student record in order to monitor progress, to help the prepa-
ration of the Diploma Supplement and other actions requiring the full students’ record. On the other hand, host
institutions will provide the Secretariat with the corresponding semester qualifications, so that it can update
students? academic files. This way the consortium secretariat will be in charge of providing the agreed degree
and Diploma Supplement.
As the Consortium’s Secretariat is to centralise the student’s records, at the end of each semester the marks
of each student should be communicated to the Secretariat. For this matter, the definition of the Examination
Boards facilitates a communication framework among local institutions and Secretariat. The local Examination
Boards will be the local committee that gives validity to the marks obtained by the students during the semester
and officially communicates (by using a common agreed form) the results to the Secretariat.

6. Economic Management
As the access point to the programme, the consortium secretariat is the appropriate body to be in charge of
the economic management of the consortium. This way the consortium secretariat will receive the agreed
fees form the students and distribute them to the partner institutions according to the local costs per enrolled
student.
When calculating the registration and administration fees, the consortium has to be sure that the amount will
cover official fees at each institution. It is a must that all European students pay the same fee. Third country
students’ fees may differ.



Different national/local rules concerning fees should be solved at consortium level. This way it is preferable
that the student.
In order to avoid problems, it is advisory to establish, on a yearly basis:
- What are the fees to be transferred from the secretariat to the partner universities (by student per semester)
depending n the amount of ECTS credits. - Is there any fixed amount devoted to cover administration costs?
- Regular meetings of the different meetings are also to be covered. They need to be included into the cost
provision. - Publicity and web hosting - Language courses
An interesting option that has also to be considered is the provision of study grants directly from the consortium.
If there is the possibility of having sponsors from industry the consortium may consider the possibility of granting
some students per year.

7. Student Services
It is important to provide the students with a minimum level of services that guarantee a smooth integration into
the local social life as well as facilitate enrolment and development of the lecturing and study activities while
the stay in one of the institutions.
The members of the consortium should engage themselves in helping students with incoming procedures such
as finding housing and ensure that students will have access to language courses, libraries and canteens as
well as to the services of the respective International Offices.
Before any mobility, consortium institutions have to provide legal advice to students, regarding visa require-
ments to destiny country: how long in advance they have to ask for the visa, required documents, etc. Every
European country has its own legislation and requirements, and students needs at least a 6 months stay
permit.
In addition it is encouraged to provide a personal faculty advisor, chosen from the teaching staff, which will be
assigned to each student. The advisor will help the student for particular needs in the curriculum and in the
everyday life. In addition, non academic counselling will be provided by trained counsellors form the student
support services

8. Transversal and Good Practice Considerations
The elaboration of joint ventures provides a framework for the application of intercultural integration. Therefore,
it is desired for the partners to promote the creation of integrated language programmes and cultural integration.
This way the students will undertake other activities for improving their language skills and their knowledge of
culture of the host country. Typically these classes will include the written and spoken language and/or the
culture and civilization of the host country.
A practical way of helping foreign students integration is to provide them with a manual with information on
each university / surrounding, structures, procedures, assistance, language tuition, etc
It is also advisable to have a Master website where all this information can be facilitated.
The implemented procedures should guarantee equal opportunities and rights between male and female.
Likewise, it is important to assure easy accessibility to any disabled scholars and students.

9. NICEST Curriculum Structure
The NICEST degree programme aims to provide the student with a thorough knowledge in the field of ad-
vanced water treatment and particularly in technologies such as saline water desalination and wastewater
treatment and reuse. The programme will comprise different teaching approaches, expertise and research
competencies of the participating institutions. It reflects the specific experiences of the involved departments,
realises important synergies, and gives preference to the best available and most-up-to-date modules in each
field.
The determination of the final academic programme with the detail of the modules to be offered and specific
syllabus is one of the purposes of this EMDM project. However, because of the expertise contributed by
each partner member, an initial structure of the curriculum has been outlined. It exploits the expertise and
international reputation of each one of the consortium partner members, so each partner will contribute to the
design of the NICEST curriculum by bringing specific competences and skills corresponding to their area of
expertise. In some specific cases, for the benefit of accounting for the best specialists and in favour of a rich
consortium, academic collaboration between two institutions is expected during the common first semesters.
The structure of the academic programme is reflected in Figure (1). The overall view shows the two years
structure, with the academic semesters and interlaced events such as the integration week, summer school
and graduation event.



Figure 1: Curriculum degree overview

• Wellcome Integration days: This will provide the first contact of the students with the NICEST Consortium.
It is proposed to take place in one place that is not mandatory on the curricular itinerary. This way students
will have the possibility can get in touch with the partner and get knowledge about the local facts. The
new students will get the opportunity to meet the alumni from the previous cohort who are graduating at
the same time.

• Summer School: This will be intended to provide a transition between the fundamental, more generic
courses, of the first year to the second year specialisations. It will be organised on a partner institution
different from the welcome, integration week. The Summer School will allow for presenting specific topics
related to water treatment, also some topics not covered within the study programme (legal issues for
example) with the participation of invited guest speakers.

• Graduation event: The graduation ceremony will be organised after the Master’s Thesis defence. As pre-
viously commented, the idea is to make it coincident, or at least to overlap somehow, with the integration
week in order to favour the interaction of recently graduating and newcomers.

Intended structure is:

• Common first year where the basics of Industrial Control, process engineering, sustainability and envi-
ronmental management, biological processes and aspects related to industrial communication systems
and cybersecurity are covered. This first year will be delivered at UAB (Barcelona, Spain) and ULE
(Leon, Spain). The second semester will concentrate on what we called the water-energy nexus. This is
intended to cover aspects related to energy usage and renewable energies for water treatment. This is
a transversal issue that becomes more and more important whatever the water sector we can refer. This
second semester will be delivered in Greece with UTH & IHU (Greece) with the research centre CERTH
as an associate partner.

• The second year is characterised, at each institution, by the focus on project/specialist work, with courses
that reflect the different areas of special expertise of each of the partner institutions. The following
specialisation courses are identified at this stage: wastewater treatment UGA & CRA (Romania) and
Desalination Engineering ULPGC (Las Palmas, Spain)

• Master project according to the expertise but including co-supervision with an external advisor that com-
plements with needed engineering and technological aspects.

Figure (2) summarises the degree structure and prospective list of modules.

10. Conclusions
In this communication a rough description of the aspects concerned when addressing the conception and
design of an international joint degree has been presented. The sections have been structures in order to
classify the main points to be addressed and questions to be tackled. The description is by no means far from
complete but can be taken as a global picture, therefore a starting point.
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Figure 2: Curriculum detail. Modules and semester content
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Abstract: 
This study aims to develop a high-water-yield adsorption desalination system by sorbents screening and lab-
scale prototype testing, for future application on board of vessels. For sorbents optimization, silica gel-30%LiCl 
and vermiculite-45%LiCl composites were developed. The sorption isobars and sorption kinetics were 
measured and the results contributed to further calculations of SDWP (Specific Daily Water Production). Silica 
gel-30%LiCl composite was chosen as the optimized one with the highest SDWP. Afterwards, the 
ad/desorption dynamics of the adsorber made of finned flat-tubes heat exchanger and silica gel-30% LiCl 
composites were tested in a T-LTJ (thermal large temperature jump) adsorption apparatus. The obtained 
results were used to calculate the SDWP and optimized cycle time and to evaluate the performances of three 
system designs (2-reactors, 3-reactors and 4-reactors). The design of 3-reactors was selected, which can 
reach an SDWP as high as 69 m3/tonne/day under the condition of Teva/cond=20 oC and Tde=80 oC. 

Keywords:  
Adsorption desalination; Silica gel; LiCl; Water uptake; Sorption dynamics. 

1. Introduction 
Water scarcity was listed as the top 5 global risks in terms of potential impact by the World Economic Forum 
since 2012 [1]. Desalination has served as the governing technology to provide potable water since the 1980s 
[2]. Although commercial desalination plants like the multi-stage flash (MSF) are developing rapidly, their 
drawbacks of high energy consumption and negative environmental impacts [3] lead to the requirement of 
developing new desalination technologies. Adsorption desalination technology is proposed as a novel 
desalination method, where the sorbents extract water vapour from the saline water in the sorption process, 
and such adsorbed water will be released and condensed into potable water in the desorption process. Its 
dominant advantages are the utilization of renewable and waste heat energy and high-quality produced water 
[4].  

The adsorption desalination technology is still in the early research stage, and the previous research interest 
lies in verifying the validity of freshwater production [5,6] and proposing advanced system configurations like 
the 2-evaporator cycle and multistage reactors [7,8]. Despite a large number of sorbents have been fully 
studied in other adsorption-based systems (adsorption cooling, thermal energy storage, etc.), only limited types 
of sorbents have been studied. Silica gel and zeolite are the most utilized sorbents for adsorption desalination 
systems by now, they have good hydrothermal stability, but their cyclic water uptake is lower than chemical 
sorbents and composite sorbents and the obtained SDWP in the system is generally lower than 15 
m3/tonne/day [9]. Composite sorbents [10] are regarded as the most promising sorbents for their high water 
uptake amount and tailored sorption properties. However, composite sorbents have not been widely studied 
for desalination applications. Besides the sorbents, the investigation of the performances in practical systems 
is also significant. Ad/desorption dynamics are critical to evaluate the operation performance, which is also not 
so extensively studied in previous publications. Thus, this study developed two types of LiCl-based composite 
to select the optimized one, whose ad/desorption dynamics in practical desalination systems were 
experimentally studied, resulting in the development of a high-water-yield system. The optimization of a 
composite sorbent for desalination purposes is here reported in details from the material development up to 
the lab-scale testing. 

2. Materials synthesis and characterizations 
2.1. Materials synthesis 



The dry impregnation method was used to develop the silica gel-30%LiCl and vermiculite-45%LiCl composites. 
Briefly, the dry silica gel (pore size 8.377 nm, particle size 0.5-0.8 mm) or expanded vermiculite (pore size >20 
nm, particle size 1.7-2.4 mm) was mixed with LiCl aqueous solution (its volume equals the total pore volume 
of the matrix and the contained salt mass equals the objective required amount) drop by drop, then composites 
were obtained after drying in an oven.  

2.2. Sorption isobars and sorption kinetics 
The sorption isobars of the sorbents were measured by the dynamic vapor sorption (DVS) instrument. The 
adsorption isobars under 17.21, 23.60 and 42.83 mbar were tested, the results are shown in Figure. 1. It shows 
that both composites experience multistage sorption process, including physisorption, hydration reaction + 
deliquescence and solution absorption. A hysteresis loop appears for silica gel-30%LiCl in the full range except 
for the solution absorption, possibly caused by the capillary phenomenon. No hysteresis loop appears for 
vermiculite-45%LiCl since its macropores have negligible impacts on the sorption behavior of the LiCl. 
Generally, the sorption amount increases with the increased vapor pressure or the decreased temperature. 
Vermiculite-45%LiCl can obtain higher sorption capacity than silica gel-30%LiCl under the same operation 
condition, owning to its higher salt concentration. The D-A (Dubinin–Astakhov) equation derived from the 
Polanyi theory was utilized to better describe the equilibrium sorption capacity under various operation 
conditions: 

𝑤 ൌ 𝑤 𝑒ିሺ ∆ிሻ           ሾg/gሿ (1)

where w0 [g/g] is the maximum sorption capacity, both k [s-1] and n are fitting parameters. ΔF is the free sorption 
potential and can be calculated by: 
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𝑝
൰          ሾkJ/kgሿ (2)

The parameters of Eqn.(1) and (2) were summaried in our previous publication [11].  

 

 
(a) 

 
(b) 

Figure. 1. The sorption isobar curves of (a) silica gel-30%LiCl and (b) vermiculite-45%LiCl composite [11]. 

 

Besides sorption equilibrium, sorption kinetic represents another important aspect to evaluate the achievable 
sorption properties, and it can be used to calculate the SDWP altogether with sorption equilibrium data. The 
ad/desorption kinetics at different temperature jump at 8.79, 17.21 and 31.98 mbar were measured by the DVS 
instrument. Partial results are depicted by Figure. 3. The commonly utilized linear driving force (LDF) model 
[12] is used to obtain the kinetics coefficient (k) for the evaluation of the sorption/desorption rate: 

𝑑𝑤
𝑑𝑡

ൌ 𝑘 ሺ𝑤ஶ െ 𝑤ሻ           ሾg/ሺg  sሻሿ (3)

In general, the sorption rates of silica gel-30%LiCl and vermiculite-45%LiCl composites are much slower than 
the ones achieved by pure physical adsorbents commonly used in adsorption machines, such as silica gel and 
zeolites. This is due to the slower reaction rate of the salt-water hydration reaction as well as to the higher 
sorption capacity of the composites. Nevertheless, looking at the results reported in Figure. 2, a clear difference 
can be identified also between composites. Indeed, thanks to the mesoporous structure of the silica gel, the 
crystal size of the embedded salt is much smaller than the one inside the macropores of the vermiculite. This 
causes a much faster reaction in silica gel-based composite. 



Accordingly, for a lab-scale comparison, the composite embedding LiCl into silica gel was selected to be 
compared against the reference microporous silica gel, usually applied in adsorption chillers. 

 

 
(a) 
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Figure. 3. The ad/desorption kinetics curves of (a) silica gel-30%LiCl and (b) vermiculite-45%LiCl composite 
[11]. 

 

3. Lab-scale adsorption desalination system 
3.1. Experimental apparatus and methods 
The lab-scale testing was performed aiming at investigating the adsorption kinetic performance of a small-
scale adsorber, thus deriving the achievable performance in terms of cooling and desalination capacity. 

The applied testing apparatus is reported in the literature as thermal large temperature jump (T-LTJ) (see 
Figure. 4a). It consists of a vacuum chamber, an evaporator/condenser, four thermostats and a vacuum pump. 
A finned flat-tubes aluminum heat exchanger (see Figure. 4b) serves as the ad/desorber, and 74.4 g sorbent 
particles were packed between the fins. Fast temperature jumps/drops are operated by quickly switching the 
valves after reaching desorption/adsorption equilibrium, aiming to simulate practical adsorption and desorption 
process. 

 

 

 
(a) (b) 

Figure. 4. (a) Schematic diagram of the T-LTJ testing system and (b) pictures of the blank heat exchanger and the heat 
exchanger packed with silica gel-30% LiCl [13]. 

The testing approach is based on the evaluation of the temperature difference measured at the inlet and the 
outlet of the adsorber during reference adsorption cycles. Due to the exothermic reaction of the adsorption 
process, the heat transfer fluid shows a temperature increase at the beginning of the test, due to the high 
sorption rate, followed by a continuous decreasing caused by the reduction of the sorption rate due to the 
saturation of the material occurring. 



The sorption kinetic rate is then evaluated by analysing the decay (often exponential) of the ΔT measured and 
deriving typical parameters, such as the characteristic times and the average power, that can be employed to 
compare different materials and heat exchanger configurations. An uncertainty analysis of the method showed 
an accuracy in the range between 5% and 8% depending on the operating conditions. 

3.2. Experimental results 
Following the above introduced description of the methodology,the ΔTad/de contributed by the ad/desorption 
process is calculated by: 

∆𝑇ୟୢ/ୢୣሺ𝑡ሻ=∆𝑇୭୴ሺ𝑡ሻ-∆𝑇ୠ୪(t) (4) 

where ΔTov identifies the temperature differences of the inlet and outlet heat transfer fluid of the adsorber under 
ad/desorption mode, and ΔTbl is this temperature difference of the related blank test, which is needed to 
depurate the test by the sensible heating and cooling effect of the inert masses (such as the metal of the heat 
exchanger and the sorbent material thermal capacity). 

As demonstrated in previous publications [13], the ΔTad/de curves can be well fitted using the exponential 
function under most operation conditions: 

∆𝑇ୟୢ/ୢୣሺ𝑡ሻ ൌ Δ𝑇ஶ  Δ𝑇 ∙ expሺെ ௧

ఛೌ/
ሻ                                          (5) 

Both adsorption and desorption tests were carried out over the adsorber filled with the composite and the 
microporous silica gel. For the sake of brevity, only some of the results obtained on the composite sorbent are 
reported below. 

Figure. 5a reports a comparison among different adsorption kinetic curves obtained while testing the 
composite sorbent, varying the reference desorption temperature. As expected at high temperature the 
adsorption capacity and thus the measured ΔT is higher, but, overall, the adsorption kinetic is comparable 
when the reference desorption temperature is varied. 
 

 
(a) 

 
(b) 

Figure. 6. (a) Comparison of different adsorption runs measured over the composite sorbent and (b) 
comparison of the achieved characteristic times for all the tests performed [14]. 

To investigate the effect of the boundary conditions over the kinetic performance, a large set of tests 
varying different boundaries were performed, and the characteristic times were calculated. Figure. 7b 
compares the different characteristic times as a function of the reference desorption temperature and 
evaporation/condensation temperature. As highlighted, the desorption temperature does not play a critical role, 
while the main difference is obtained by varying the evaporation/condensation temperature. Indeed, the kinetic 
performance increase by increasing the evaporation/condensation temperature. This can be justified by the 
higher absolute water vapor pressure inside the testing chamber at higher evaporation/condensation 
temperature. This reduces the mass transfer resistance across the material packed between the fins of the 
heat exchanger, thus minimizing the time to reach the equilibrium (i.e. maximizing the kinetics). 
Figure. 8a compares the achievable desorption kinetic for two different desorption temperatures, namely, 60 °C 
and 80 °C, at the same evaporation/condensation temperature, 20 °C. As expected, there is a clear increase 
in the measured temperature difference passing from 60 °C to 80 °C, due to the higher degree of reaction 
between water vapor and embedded salt. Similarly, a comparable effect can be highlighted when the 
evaporation/condensation temperature increases, as reported in Figure. 9b. 

Overall, from a direct comparison of adsorption and desorption kinetic performance under similar conditions, 
usually the desorption run is between 2 and 3 times faster than the adsorption run. This can be ascribed to the 
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higher pressure gradient occurring between the adsorber and the condenser during the desorption phase, 
compared to the same existing during the adsorption between evaporator and adsorber, that reduces the mass 
transfer resistance, thus allowing the vapor leaving the adsorber quickly. 

 

(a) 

 

(b) 

Figure. 10. (a) Effect of the desorption temperature on the sorption kinetic for the composite sorbent and (b) 
effect of the condensation temperature for the same configuration [14]. 

3.3. SDWP calculation and preliminary design for a large-scale desalination unit                          
As already mentioned, one of the most relevant performance indicators to be considered for an adsorption 
desalination unit is the specific daily water production (SDWP), namely, the volume of desalinated water 
produced daily per mass of adsorbent material employed, as reported below. 
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This performance is strongly depending on the adsorption equilibrium difference processed during the cycle 
(wad-wde) as well as on the sorption kinetic which is influencing the operating cycle time. Increasing the sorption 
difference and decreasing the cycle time lead to an overall SDWP enhancement. 

Starting from the small-scale testing in the lab, the SDWP for the composite silica-gel/LiCl was calculated for 
all the conditions tested, as summarized in Table. 1. As it can be highlighted, the SDWP is quite limited at low 
evaporation/condensation temperatures and it is also almost unaffected under these conditions by the 
desorption temperature. Differently, as soon as the evaporation/condensation temperature overcomes a 
certain threshold, i.e. 15 °C, the SDWP increases and shows a relevant difference when the desorption 
temperature raises from 60 °C and 80 °C. This is justified by the higher amount of water vapor exchanged 
which does not affect negatively the sorption kinetic. 

In general, the composite sorbent can guarantee a SDWP increase in a range from 25% to 50% compared 
against the standard microporous silica gel, thus confirming the potentiality of reducing the size of adsorption 
desalination units, which is of utmost importance in mobile applications such as the naval one. 

 

Table. 1. SDWP calculated for all the testing conditions measured at lab scale. 

Rererence cycle Teva/cond 5 °C Teva/cond 10 °C Teva/cond 15 °C Teva/cond 20 °C 

Tads/des 30-60 °C 14 25 25 40 

Tads/des 30-80 °C 11 24 40 57 

 

The reported calculations were carried out considering a standard 2-adsorbers desalination unit design. 
Nevertheless, looking at the kinetic testing results, it is clear that, since the desorption process is much faster, 
it could be reasonable to increase the number of adsorbers, thus being able to re-allocate the 
adsorption/desorption phases, optimizing the overall performance and exploiting the sorption properties of the 
material at their maximum level. Preliminary calculations showed that having a 3-adsorbers design can help 
in further increasing the SDWP in a range from 10% to 15% compared to the 2-adsorbers design. 

On this basis, the first large scale setup for testing in the lab is under design, for further investigation before 
being realized in larger scale for validation on board of a demo vessel. 
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4. Conclusions 
The development of innovative, high efficiency and compact adsorption-based desalination machines requires 
investigation at materials and components levels. In this paper new innovative composite sorbents were 
developed and tested both from the equilibrium and kinetic point of view. The most efficient one, based on LiCl 
embedded inside mesoporous silica gel, was manufactured in large scale and tested in a lab-scale device 
developed for characterizing sorption kinetic properties under real operating conditions for desalination and 
cooling applications. A small-scale finned-flat tubes aluminium heat exchanger was used to embed the grains 
of the composite as well as a reference material (i.e. microporous silica gel). The results demonstrated that 
the water vapor mass transfer across the adsorber is limiting the kinetic performance, thus affecting the 
achievable SDWP. Moreover, the desorption kinetic resulted being 2 to 3 times faster than the corresponding 
adsorption process. 

Starting from the obtained results, the estimation of the SDWP of this configuration against the one employing 
microporous silica gel was carried out, showing a performance increase ranging from 25% up to 50%. 
Moreover, the possibility of using a 3-adsorbers based adsorption machine resulted the most appropriate one, 
to manage the difference kinetic performance of adsorption and desorption phases.  

This investigation will represent the basis of the design of a lab-scale adsorption desalination machine to be 
tested in the lab and subsequently on board of a demo vessel. 
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Abstract: 

The paper is presenting the results of the evaluation of a model to address the water-food-energy-ecosystem 
security nexus on islands from the perspective of structuring circular aquatic bioeconomy loops. The scientific 
research activities have been based on the achievements made in the ROMANA project on the establishment 
of a methodology for hierarchical EEA in some geographical control volumes. Specifically, there were taken 
into consideration two scales as the National economy of Romania and the regional economy of the Constanta 
County that is part of the Dobrogea Region. Using the results and the validation of the multi-scale approach 
from ROMANA project, in the present paper, there are presented the results of the possible extrapolation of 
the method for the case of a country with islands like it is the case of Spain. 
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1. Introduction 
In the current context of the population growth, degradation of the habitat, the evolution of the accumulation of 
Green House Gases (GHG) in the atmosphere and trends in the climate change, the situation of the islands 
and especially of the small islands, is one of the most vulnerable. There are several approaches to address 
the complexity of the factors that are affecting of mid and long term the socio-economic situation of the islands 
and the water-food-energy-ecosystem security nexus approach, as [1] demonstrates, is a holistic and well-
structured one for their sustainable development. 

 

Figure. 1.  The interdependences in the Water, Food, Energy and Ecosystem security Nexus [1]. 

As Austen et al [2] demonstrate, ecosystem valuation must be considered as part of this approach that has to 
help the achievement of objectives and targets of the environmental policies such as the Good Environmental 
Status (GES) of the island riparian sea or ocean waters. 

As it is mentioned in [3], seaweed and microalgae are responsible of 50% of photosynthesis on Earth and 
using algae in the Circular Economy concept, the efficiency of solar-to-chemical energy conversion via algal 
photosynthesis is 4% – 10% compared to 0.5% - 2.2% in land-based farming crops. 

In this context, algae harvesting on islands is considered a significant and beneficial activity, particularly if the 
islands are in areas with abundant algal growth. Algae are photosynthetic organisms that can be found in 
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marine, freshwater, or terrestrial environments. They play a crucial role in various ecosystems and have 
numerous applications in industries such as food, pharmaceuticals, cosmetics, and biofuels. 

Besides of appropriate selection of algae species and aspects of sustainability and environmental impact, a 
very important attention must be given to processing and utilization. Once harvested, algae can be processed 
for various applications. This may involve drying, extraction of specific compounds, or further refinement for 
specific industries. It's important to have appropriate processing facilities in place to maximize the value and 
utility of the harvested algae. The economic viability of algae harvesting depends on the costs associated with 
harvesting, processing, and transportation. Identifying potential markets and customers for the harvested algae 
products is essential to ensure profitability and sustainability in the long term. 

Algae harvesting on islands can provide economic opportunities, promote sustainable practices, and contribute 
to the local economy. However, it's crucial to balance these activities with the preservation and protection of 
the island's ecosystems to ensure long-term environmental and economic benefits. 

1.1. Humidity content and nutrient value of algae 

Algae are considered an extremely heterogeneous group of organisms, very difficult to define. Without being 
able to consider algae as a single taxon, they could be defined as photosynthetic autotrophic organisms, with 
a very simply organized vegetative apparatus, called "thal", which can be microscopic, unicellular, or 
macroscopic, multicellular and which can be found in various habitats, from sufficiently moistened terrestrial 
ones, to aquatic ones. They are particularly important primary producers for living value chains, the only ones 
in the seas and oceans, also providing the oxygen necessary for the aquatic life. Macrophytes are also found 
in continental waters (fresh, salty, or brackish). The estimated net primary production of seaweeds in natural 
environment by vegetation type is reproduced in figure 2 after [3]. 

 

Figure. 2.  The net primary production in natural environment by vegetation type, excluding floating algae (in 
gC/m2/year) [3] 

There are three large groups of algae as followings: 

• The group of chlorophytes, characterized by the presence of A and B chlorophyll, represents a 
fundamental phylogenetic line within which the autotrophic terrestrial plants were differential. 

• The group of rhodophytes, characterized by the presence of A and D chlorophyll, as well as of 
phycobilin and especially of phycoerythrin, which gives them the aspect of red colour.  

• The group of chomophytes is distinguished by the presence of A and C chlorophyll, along with which 
there are different types of carotenoid pigments that determine their varied colour as: yellowish, brown 
– red and red. 

As it is mentioned in [4], the total harvested output in the World was reported in 2019 as 34.7 million tonnes of 
farmed seaweed and 1.1 tonnes of wild-harvested seaweed.  

The biochemical composition of seaweed varies depending on the species, geographical space, season, water 
temperature. Seaweed is valuable for its chemical and biochemical composition having a high content in 
minerals (magnesium, calcium, phosphorus, potassium, and iodine), micronutrients and carbohydrates. The 
quality of lipids and proteins is comparable to that of terrestrial plants due to the high content of essential amino 
acids and the relatively high level of unsaturated fatty acids.  

According to Mamut and Ionescu [5], seaweed contains polysaccharides in the range of 30 to 50% of the dry 
matter content whose structure differs depending on the species. The fraction of soluble fibre is 51 –56% of 
the total fibres in green and red algae and 67-87% of brown algae. Macrophytes contain considerable amounts 
of polysaccharides: alginates in brown algae, carrageen, and agar in red algae. In smaller quantities there are 
xylenes (in red and green algae), ulvans (in green algae) and fucoidans (in brown algae).  



Macroalgae extract from the sea an extraordinary wealth of mineral elements. The mineral substance of some 
macrophytes can reach up to about 36% of the dry matter. Seaweed is a source of iodine and calcium. Only 
one gram of dried brown seaweed provides 500 to 8 000 μg of iodine, and green and red algae from 100 to 
300 μg. Red and green algae, although they have a lower iodine content than brown ones, it is still superior to 
terrestrial plants. The calcium content in macrophytes accounts for approximately 4 to 7 % of the dry matter.  

Macrophyte algae are a natural source of vitamins, polyphenols, and carotenoids with antioxidant properties. 
The extracts from brown algae are distinguished by the high content of fucoxanthin, β-carotene and 
violaxanthin. In red algae the main carotenoids are α- and β-carotene and their derivatives, zeaxanthin and 
lutein. The composition of carotenoids in green algae is similar to vegetal: anteraxanthin, zeaxanthin, 
neoxanthin, β-carotene, lutein and violaxanthin.  

The harvested algal biomass is a raw material with high content of humidity and nutrients, which begins to 
degrade almost immediately after harvesting. For this reason, the algal biomass is requiring a solution for 
stabilization if it is not processed within a few hours of harvesting. The raw algal biomass can suffer of up to 
20% dry matter losses within a week because of biochemical and microbial degradation.  

Reducing the moisture content below 15% is a common conservation strategy for lignocellulosic biomass and 
is likely to be sufficient for the conservation of algal biomass. With few exceptions, drying experiments 
conducted in various studies were continued until the algae/terrestrial biomass mixtures reached humidity 
content below 10% at which point they were considered stable. In [6], there are also presented the results of 
drying temperatures of the algal biomass and the impact on the conservation of the most important 
components. 

1.2. Algae solar drying 

In general terms, biomass drying is a preservation technique that involves reducing the moisture content of 
biomass to prevent microbial growth, degradation, and spoilage during storage. By reducing moisture, the 
biomass can be stored for longer periods without compromising its quality or value. 

   A       B 

Figure. 3.  The general process of drying of biomass by using thermal energy: A - Moisture reduction, 
feedstock temperature evolution and drying speed, B – Drying air humidity evolution during the drying process. 

The removal of water from algae can be done with various techniques as: mechanical pressing or centrifugal 
processing, hot air drying, drum drying, solar drying, microwave drying, as well as freeze drying, spray draying 
or solvent extraction. 

In Figure 3 there are presented the kinetics and main parameters of the hot air-drying process. An alternative 
of the hot air-drying process is the solar drying process. 

Algae solar drying as the process of using solar energy to remove moisture from harvested algae, is an 
important step in various industries where algae are used, such as biofuel production, animal feed, and food 
supplements. Solar drying offers an environmentally friendly and cost-effective method for reducing the 
moisture content of algae. 

The classical phases in solar drying of algae are as followings: 

• Harvesting: Algae are typically harvested from ponds, tanks, or bioreactors when they have reached 
the desired growth stage. 



• Pre-treatment: Before drying, the harvested algae may undergo pre-treatment processes such as 
filtration, centrifugation, or dewatering to remove excess water and impurities. 

• Drying beds or trays: The algae biomass is spread out in thin layers on drying beds or trays. These 
surfaces should be designed to maximize exposure to sunlight. 

• Solar exposure: The trays or drying beds are placed in an open area where they can receive direct 
sunlight. The solar energy heats the algae and evaporates the water content. 

• Turning and flipping: To ensure uniform drying, the algae biomass needs to be periodically turned or 
flipped to expose all sides to sunlight. This promotes consistent drying and prevents the growth of 
moulds or bacteria. 

• Protection: During the drying process, it is essential to protect the algae from rain, dust, and 
contaminants that can degrade the quality of the final product. This can be done by covering the drying 
beds or trays with a mesh or protective covering. 

• Monitoring: The drying process should be regularly monitored to assess the moisture content of the 
algae and determine when it reaches the desired level of dryness. Moisture meters or visual 
inspections can be used for this purpose. 

• Storage: Once the algae biomass has reached the desired moisture content, it is removed from the 
drying beds or trays and stored in suitable containers to prevent rehydration. 

The drying time will depend on various factors such as the type of algae, thickness of the biomass layer, 
ambient temperature, humidity, and solar radiation. In the classical installations, the drying process can take 
several days to weeks, and it may be necessary to cover the drying beds during the night or in unfavourable 
weather conditions to protect the algae. 

Solar drying offers a sustainable and energy-efficient method for algae drying, utilizing readily available solar 
energy and minimizing the use of fossil fuels or electricity. This method is particularly suitable for regions with 
abundant sunlight, where it can significantly reduce the energy costs associated with conventional drying 
methods.  

2. Characterization of algae samples 

2.1. Algae sampling and characterization 

The evaluation of algae drying processes have been developed for the harvested algae from the Black Sea 
coast. On the basis of the samples collected from the Black Sea shore and from the continental waters, the 
physico-chemical properties regarding the moisture content were determined, using conventional drying 
methods: by using as reference the natural drying for 24h and by using an oven and determining the humidity 
content. Also, the humidity and ash content of the algae were determined using thermogravimetric analysis 
methods. 

 

Figure. 4.  Water and inorganic matter content of algae samples collected from sea water.  



For collected algal samples, the humidity and total solids content have been determined according to ASTM 
E1756-01 and T412 man-02. 

The samples were weighed before being placed in the oven at a temperature of 60oC for 24h. After keeping 
them 24h in the owen, the samples were weighed, and the difference between the initial and the final mass of 
each sample is the loss of humidity. 

For the samples of algae that were collected from the water and dried naturally for 24h, the average moisture 
content was 80,35 %. The average content of inorganic substances in water samples of algae was 5,76 %. 

 

 
Figure. 5.  Graph of the loss of weight in relation to the increase in temperature for algae taken from water. 

According to the graph presented in Figure 5, the weight loss was recorded in relation to the increase in 
temperature. In the temperature range 30 – 45oC the weight loss of the sample was of 7,5%. In the temperature 
range 45 – 75oC the lost weight of the sample was 15%, and in the temperature range 75 – 90oC, the weight 
loss of sample was of 23.43%. 

For seaweed samples taken from the beach and dried naturally, the average moisture content was 8,34 %. 
The average content of inorganic matter present in algae samples collected from the beach was 33,05 %. 

2.2. Synthesis of the results 

As a result of the performed experimental investigations, the dynamics of the weight loss was observed in 
relation to the increase in temperature.  

In the temperature range 30 – 45oC the weight loss of the sample was of 0,98%. In the temperature range 45 
– 75oC the weight loss was of 4.05%, and in the temperature range 75 – 90oC, the weight loss of was of 6.2%. 

Table 1.  Table with the synthesis of the algae sample analyses. 

Sample code Oven 
Temperature 

(oC) 

Drying 
period (h) 

Initial 
weight (g) 

Final 
weight (g) 

Weight 
loss (g) 

Percentage 
(%) 

P1 a 60 24 5,06 4,62 0,44 8,7 

P1 b 60 24 4,96 4,51 0,45 9,1 

P1 c 60 24 5 4,67 0,33 6,6 

P1 d 60 24 5,07 4,65 0,42 8,29 

P1 e 60 24 5,06 4,73 0,33 6,53 

P3 a 60 24 5,16 2,46 2,7 52,33 

P3 b 60 24 5,14 2,19 2,95 57,4 

P3 c 60 24 4,95 2,73 2,22 44,85 

P3 d 60 24 5,38 3,13 2,25 41,83 

P3 e 60 24 5,04 3,03 2,01 39,89 

 

Following the thermogravimetric analysis of samples collected from water, the following results were obtained: 

• the average value of the moisture content of the samples was 5,51 % for the samples of algae collected 
from the water; 

• the average value of the moisture content of the samples was 3,3 % for seaweed samples collected 
from shore; 

• the average value of the total solids content of the samples was 36,43 % for samples of algae collected 
from the water; 

• the average value of the total solids content of the samples was 43,79 % for seaweed samples 
collected from the shore. 



Based on the performed analyses, it was found a weight loss of samples depending on temperature range, as 
followings:  

• in the temperature range 30 to 45 oC, the weight loss was 0.22%; 

• in the temperature range 45 to 75 oC, the weight loss was 2.55%; 

• in the temperature range 75 to 90 oC, the weight loss was 4.43%. 

As it may be seen in the table above, depending on temperature range, the following results were obtained: 

• in the temperature range 30 to 45 oC, the weight loss was 0.14%; 

• in the temperature range 45 to 75 oC, the weight loss was 1.3%; 

• in the temperature range 75 to 90 oC, the weight loss was 2.1%. 

3. Drying equipment 

3.1. Reference concepts 

The reference concepts of driers that have been used for the development of the innovative solution are 
presented in Figure 6. It has been started from the reference concept of solar drier for algae as may be seen 
in figure 6 A (adapted after [7]). The solar radiation is heating air in the solar collector located in the bottom 
side and when the drying temperature is reached, the access valve allows the passage of hot air that is flowing 
over the fixed bed wet biomass absorbing the humidity and evacuating it by natural convection from the one-
way evacuation exit located on the top side of the drier.  

   A       B 
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Figure. 6.  The reference concepts of driers that has been used for the development of the innovative solution 
of solar algae drier: A – batch solar drier for small quantities of algae (adapted after [7]), B – continuous drying 
chamber with the recuperation of water condensate, C – drying booster based on a capillary belt (adapted 
after [8]), D - hierarchically structured nanostructured materials (adapted after [9]).   

The solution has been adapted for a continuous drier concept as presented in figure 6 B. It consists of a drying 
chamber where there is a belt on which from the top side it is fed continuously the wet biomass. The hot air is 
circulated from the chamber absorbing the humidity of the wet biomass and after drying, the algae is evacuated 
from the bottom side of the chamber. The high humidity air is recirculated from the condenser and the excess 
water is recovered as condensate from the bottom side of the graph. The air is further recirculated and reheated 
before entering in the drying chamber. 



To avoid the critical regime (point C in figure 3 A) in the drying process, the innovative concept has been 
developed by adding a capillary belt as presented in figure 6 C (adapted after [8]). The capillary belt is pressed 
to the conveyor belt transporting the wet biomass and by the very high hydrophobicity of the capillary material, 
absorbing the humidity from the bottom and giving a boost to the drying process.  

The superhydrophobic material of the capillary belt has been developed as a hierarchically structured 
nanostructured material like the example presented in figure 6 D (adapted after [9]. 

3.2. Solar drier concept for continuous processing of wet algae 

The concept of the drier has been developed based on a methodology of innovation that started from the 
definition of the requirements, collection of related information, development of new ideas to address the 
requirements, co-design of alternative solutions, modelling, testing validation and optimization of the solutions 
and finally, the selection of the final design by a Multi-Criteria Decision-Making process. 

 

Figure. 7.  Innovative concept of drier using solar energy and producing dried seaweed and fresh water. 

The solution that has been developed, consists of a continuous belt drier using hot air. The thermal energy is 
obtained from a solar air collector. The air is circulated in a closed loop that includes a condenser for collecting 
fresh water resulting from the drying process of algae. As backup thermal energy source, for balancing the 
intermittence of the solar energy, it has been included a pellet boiler heater. 

To avoid the critical drying regime and to improve the efficiency of the drying process, the installation includes 
a drying booster belt using a fabric that integrates super hydrophilic nanostructured powder for absorbing the 
humidity from the wet biomass by contact on the bottom side of the main drying conveyor belt. 

Therefore, the innovative installation is processing the wet seaweed collected from the sea or the beach, to 
produce dry algae as a stable, high value concentrate of minerals, vitamins, and other important substances. 
At the same time, the installation is producing fresh water by the condensation of water vapours from the drying 
air. As condensing coolant is used the sea water. 

The solar energy collectors have been developed by integrating an absorber of solar radiation with a paint 
integrating Multi Wall Carbon Nanotubes (MWCNT). For the improvement of the convective heat transfer from 
the absorber to the air stream, a special design architecture has been developed. 

4. Hierarchically Multiscale Modelling 
The proposed innovative approach is based on the Extended Exergy Accounting - EEA. 

The EEA method [10], [11] and [12] is based on the idea that the three Externalities (Labour, Capital and 
Environmental Cost) can be assigned “equivalent primary exergy values”, under a set of assumptions derived 
from an exergy budget of the region in which the process is located. EEA is based on a series of assumptions 
that concern the control volume used for the analysis: since it is necessary to exactly quantify the mass- and 
energy streams flowing in- and out of a given economic system, the most proper „control volume” to use is at 
the Country or at the Regional level (like the EU or a sub-regions of Member Countries),  where sufficiently 
disaggregated data are available from reliable sources. Thus, every EEA analysis ought to begin by considering 
the material, energy and economic balance of the entire Country. Once these global data have been extracted, 
manipulated and processed, EEA most convenient applications are at intermediate and low (highly 
disaggregated) levels, down to a single production line. The theory requires that two conversion functionals, the 
equivalent primary exergy of the unit of monetary circulation, eeK [J/€], and the equivalent primary exergy of the 
workhour, eeL [J/workhour], be calculated at the regional level, and they require the acquisition of two 
econometric parameters that contain global economic, social and exergetic data [11]. 



The EEA method begins with the subdivision of the region in which the process is located, in 7 Sectors: Domestic 
(DO), Extraction (EX), Conversion (CO), Industrial (IN), Transportation (TR), Tertiary (TE) and Agricultural (AG). 
Each Sector exchanges material and immaterial fluxes with other sectors, with the environment and/or with 
another conventional -fictitious- system called “Abroad” that accounts for the import/export fluxes. Similarly, 
every single (material or immaterial) process S taking place in the region exchanges physical fluxes with some 
of the sectors: all of these fluxes can be converted to extended exergy (i.e., their primary exergetic equivalent) 
by means of the two above functionals. In particular, 𝐸𝐸L is assumed to be originated only in DO, and 𝐸𝐸K in 
TE. Imported commodities are handled through TE. 

 

Figure. 8.  Structuring the activities in a certain control volume in 7 Sectors: Domestic (DO), Extraction (EX),  

Conversion (CO), Industrial (IN), Transportation (TR), Tertiary (TE) and Agricultural (AG) (adapted from [12]) 

Once the above quantities are known, a balance for the EEj is performed, resulting in a specific extended exergy 
cost, eec [Jprimary exergy/unit] that reflects the total amount of primary resources consumed for the production of 1 
unit of product X: a genuine exergy cost. 

Notice that the EEA method is perfect tool for the assessment of medium- and long range scenarios: since it 
clearly identifies the contributions from renewable and non-renewable sources, it provides useful quantitative 
indications about the progress of a process, a technological line, an industrial sector, a Region or a Country 
along the so-called “transitional path to sustainability”. 

The calculation of the eec requires that highly disaggregated data are available for the Region under analysis. 
It also requires that updated technical information is available for all feasible technical treatment processes of 
each pollutant. Additionally, labour and monetary statistics at regional level are necessary to calculate  two 
econometric coefficients, called α and β [7,8] needed for the calculation of eeK and eeL. Procedures to calculate 
these econometric coefficients for a multiscale approach have been validated in the Project ROMANA that is in 
final phase of implementation at Ovidius University of Constanţa. EEA-based procedures were developed for 
the integrated evaluation of energy efficiency at Country Level – Romania, county level – Constanţa, and 
process level for the District Heating System in the Constanţa Municipality. 

4.1. Drier scale modelling 

For the evaluation of the main energy and commodity flows, at the scale of the drying installation as it is 
presented in fig. 7, the following values have been calculated: 

- required heat for drying,  
- absorbed solar radiation energy,  
- the resulting flows of water and dry matter the process.  

 

At the drier scale, the conservation equations are as followings: 

- specific heat in the convection heat transfer between air and wet biomass 

𝑞 = 𝛼(𝑡𝑚 − 𝑡𝑓)      (1) 

- mass balance equation 

�̇�1 = �̇�2 +�̇�      (2) 
- humidity balance in the drying installation 

�̇�1
𝑤1

100
+ 𝐿𝑥0 = �̇�2

𝑤2

100
+𝐿𝑥2    (3) 

- thermal balance in the drying process 
𝑞 = 𝑙(𝐼2 − 𝐼0) = 1.006(𝑡1− 𝑡0) + 1.863𝑥1(𝑡1− 𝑡0)  (4) 



The modelling equations (1) – (4), were written by taking into consideration theoretical conditions, without 
considering losses from the walls, chemical reactions, and the transportation losses. 

The calculated streams of energy and commodities have been integrated in the EEA calculation toolbox. 

4.2. Island scale modelling 

The scientific research activities that have been developed under ROMANA project, have been concentrated 
on the establishment of a methodology for hierarchical EEA in some geographical control volumes. 
Specifically, there were taken into consideration two scales as the National economy of Romania and the 
regional economy of the Constanta County that is part of the Dobrogea Region. Using the results and the 
validation of the multi-scale approach from ROMANA project, in the present paper, there are presented the 
results of the possible extrapolation of the method for the case of a country with islands like it is the case of 
Spain. 
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Figure. 8.  Equivalent Island model for the yields of algae from the sea waters. A – Regions of Spain that are 
active in the aquatic bioeconomy [13]. B – Conventional model for structuring a coastal region as an island. 

It has to be mentioned that the Dobrogea region has a specific characteristic consisting on the geographical 
boundaries established by the Lower Danube in the West, Danube Delta in the North and the Black Sea in the 
East. For this reason, it has been considered the shoreline to the Black Sea and a possible structuring of it as 
a conventional island shoreline as presented in the fig. 8 B. This offered the possibility to define an equivalent 
land surface for estimating the specific input of solar energy that could be used for calculating EEA in relation 
with aquatic bioeconomy inputs. At the same time, offering the possibility to define a reference surface for the 
associated coastal waters including the equivalent surface of territorial waters and contiguous zone according 
to the current international laws. 

Using the above-mentioned assumption, an equivalent conventional island has been generated and  used to 
apply the EEA method for the evaluation of the relation between the solar energy potential, the aquatic 
bioeconomy inputs and the outputs in terms of dried seaweed and fresh water, by using the data collected for 
the Dobrogea region. 

5. Experimental results 
The estimation of the annual yields of seaweed has been carried out for the conditions in the South-East region 
of Romania, where the collection season starts in June and ends in October.  

    

   A       B 

Figure. 9.  Collection of the seaweed yields: A – Collection from water; B – Collection from the beach 

There is a specialized company that is organized for collecting algae both from the sea shallow waters and 
from the beaches. The total shoreline is of 180 km and the average annual yield is of 40.000 tonnes. 



By comparing the SE region of Romania with other regions, it has to be underlined the importance of the 
contribution of the Danube River exit to the Black Sea. The high concentration of nutrients transported by the 
Danube has a major role in supporting the production of algae yields.  

The validation of the model of the solar air collector has been done by using a 1:1 physical model that is 
presented in the Figure 10 A. The solar collector integrates an absorber that was developed using a special 
paint with MWCNT. The absorption rate of solar radiation that was measured on the experimental prototype 
was 98.8%. 

   A        B 

Figure. 10.  Solar air collector validation: A – Experimental validation prototype; B – ANSYS Fluent 
thermofluidic analysis and optimization model. 

An ANSYS Fluent model has been developed for the study of the thermofluidic processes in order to improve 
the convective heat transfer properties and to define an optimal flow architecture for highest convection heat 
transfer coefficient. 

Considering the annual yield of wet algae collected from water in the range of 40.000 tonnes with an average 
humidity of 80%, using the model described in paragraph 4.1, it has been calculated the total required heat for 
the drying process, in the amount of 28.000 MWh/year.  

The calculated heat resulted for the estimated final humidity of the dry algae of 10%. The total quantity of dry 
algae is estimated at 12.000 tonnes.  

The by-product obtained from the drying process is fresh water in an amount of 28.000 tonnes/year. 

The price for dry algae was estimated at 200 Euro/tonne and the price for fresh water is 2 Euro/tonne.  

The total income for the installation has been estimated at 2.4 million Euro for the dry algae and 56.000 Euro 
for water. 

The operational costs included the following items: 

• labour costs in an amount of 72.000 Euro 

• energy costs (including cost of transport) in an amount of 168.000 Euro 

• overheads in an amount of 24.000 Euro 

Total operational costs have been estimated at 264.000 Euro. 

The investment costs include the following items: 

• Solar air collectors – 2.400.000 Euro 

• Dryer – 400.000 Euro 

• Ancillary equipment and construction works – 280.000 Euro 

Total investment cost – 3.080.000 Euro. 

Considering a depreciation period of 15 years, with a fix rate of depreciation, it has been obtained a yearly 
depreciation of 205,333.3 Euro. 

From the economic point of view, the investment payback period is of 7.6 years. 

But the benefits of exploitation of the seaweed yields are much more complex and include the avoidance of 
the GHGs that are resulting from the natural decomposition of the biomass. In this respect, it has been 
developed an EEA model for the evaluation of the energy efficiency in the hierarchical model that has been 
presented in paragraph 4. 

Two configurations were compared: the first one uses a CH4-fuelled drier, and the second one is the solar 
drying configuration described above.  

The exergy flows of the two processes were analysed first, and the Solar configuration showed a slightly better 
efficiency: 0.68 vs. 0.66.  But the EEA analysis, that includes in the “product cost” the primary exergy flow 
equivalent to the externalities (Labour and Capital in this case), provided a different picture. Table 2 shows the 
extended exergy cost eec for the two co-products, dry biomass and desalinated water: considering that the 
exergy cost of Reverse Osmosis desalination is about 0.01 kWh/kg, the process is not a convenient 



desalinator. But the primary exergy cost eec for the dried biomass is about one third of that of natural gas (3 
vs. 15.88 kWh/kg), which makes the biomass very convenient both as a secondary biofuel or as a raw material 
input for the chemical industry. 

Table 2.  Extended Exergy Cost eec [kWh/kg] of the two co-products. 

 Dried biomass Desalinated water 

Natural gas-fired drier 5.61 1.12 

Solar drier 5.81 1.16 

 

The calculated quantity of GHG equivalent of CO2 that is saved in the case the solar drier, is of 4453 tonnes/y. 
Considering a price per CO2 certificate of 100 Euro/t the total value of the certificates is 445,300 Euros. 

 

Figure. 11.  The impact of solar irradiation of the extended exergy cost of the biomass 

In fig. 11, it is presented the influence of the solar irradiation on the extended exergy cost of the dried biomass. 
It may be seen that the increase of the irradiation is reducing the extended exergy cost based on the reduction 
of the investment on solar panels.  

A similar analysis must be done on the aspects referring to the primary exergy of the dry algae. Depending on 
the quality of the algae the price is varying between 200 and 1200 Euro/t. In the EEA model that has been 
used for the present study, the price was used as 200 Euro/tonne. 

6. Conclusions 
The water-food-energy-ecosystem security nexus approach is a holistic and well-structured model addressing 
the complexity of the factors that are affecting on mid and long term the socio-economic situation of the islands 
and for their sustainable development. 

The scientific research activities have been presented in the paper were obtained based on the achievements 
made in the ROMANA project on the establishment of a methodology for hierarchical EEA in some 
geographical control volumes. Specifically, there were taken into consideration two scales as the National 
economy of Romania and the regional economy of the Constanta County that is part of the Dobrogea Region. 
Using the results and the validation of the multi-scale approach from ROMANA project, in the present paper, 
there are presented the results of the possible extrapolation of the method for the case of a country with islands 
like it is the case of Spain. 

The innovative solution that is presented in the paper is efficient and taking into account only the commercial 
values for OPEX and CAPEX, the investment payback period is of 7.6 years 

But the benefits of exploitation of the seaweed yields are much more complex and include the avoidance of 
the GHGs that are resulting from the natural decomposition of the biomass. In this respect, at present, there 
is under development the EEA model for the evaluation of the energy efficiency in the hierarchical model that 
has been presented in paragraph 4. 
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Nomenclature 
𝑞 heat, J/kg 



𝑡 temperature, °C 

�̇�  mass flow rate, kg/s 

�̇�  mass flow rate, kg/s 

𝑤 specific humidity, kg/kgwet biomass 

𝐿  air flow rate, kg/s 

𝑙  specific air flow rate, kg/kghumidity 

𝑥  air humidity content, kg/kgdry air 

𝐼  enthalpy, kJ/kgdry air 

Greek symbols 
𝛼 heat transfer coefficient, W/(m2 K) 

Subscripts and superscripts 
𝑚 mean value 

𝑓 fluid 

0 air inlet section 

1 biomass inlet section 

2 dry biomass exit section 
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Abstract: 

The high organic load of the effluent generated in these farms has an important environmental impact, which 

is amplified in insular or isolated territories.  The application of natural treatment systems of wastewater 

(NTSW) has demonstrated their suitability in these environments, but their design lacks proper 

characterization and sizing tools for their adequate operation. This work proposes a series of strategies and 

tools for the design and characterization of NTSW. As an application, an inventory, characterization, sizing, 

and design is carried out in 9 pig farms with a high environmental impact located on the island of Gran Canaria 

(Spain). The proposed tools in this work are based on a collection of experimental data over a five-year period 

of application of NTSW in real farms. This work contributes to facilitate the design and implementation of 

NTSW in farms located in isolated, island or similar size environments.  

Keywords: 

Wastewater treatment; natural systems; livestock farms; characterization. 

1. Introduction 

1.1. Waste generation and characterization overview 

Livestock wastes in general, and pig wastes in particular, is made up of a dry part, formed by animal excrement, 
food remains, bedding, and a liquid part. This mixture is called slurry [1, 2]. Pig slurry is a source of multiple 
mineral constituents: primary macroelements or nutrients (N, P, K), secondary macroelements (Mg, Ca, Na) 
and trace elements (Cu, Zn, Mn, Fe, S, B, Mo). The availability of macroelements in slurry for crops is good 
(N, P) and even comparable to that of mineral fertilizers [3], [4].  

The new Spanish legal framework establishing basic rules for the management of intensive and extensive pig 
farms can be found in Royal Decree 306/2020, of February 11. This Royal Decree (hereinafter referred to as 
RD306) focuses on environmental issues with respect to the protection of water, soil and air, and on the fight 
against climate change. Livestock farm effluent with a high organic load has a strong environmental impact 
that 35 is amplified in island territories. 

In turn, slurry may have different properties at any given time due to various factors inherent to production, 
such as the number of heads, number of sows, piglet, fattening pig. As well as, the form of exploitation, type 
and management of the farmer, varied diet, cleanliness, the season of the year, emptying of the reception pits 
and the climate [5– 7]. 

This is the reason for the interest in developing a characterization tool bases on historical data on the operation 
of these systems in livestock farms. As indicated by [8, 9], an interesting basic characterization is carried out 
based on one or several parameters that are easy to determine in situ, leaving other more complex parameters 
for the laboratory. Likewise, the excessive or unfavourable application of slurry on land can lead to losses of 
nitrogen and phosphorus by percolation and runoff into surface and subsurface water bodies [8]–[10]. Excess 
phosphorus and nitrogen in the form of ammonium (NH4

+), nitrate (NO3
-) and nitrite (NO2

-), in waters can 
accelerate the aging of aquatic ecosystems [11–15]. Ammonia (NH3) is recognized as one of the most 
important toxic gases present in swine facilities and has profound effects on pig performance [16] and responds 
to its toxicity by altering in the barriers and defence mechanisms of the respiratory tract, facilitating the entry 
of pathogens, and increasing the likelihood of respiratory diseases [17]. 

Therefore, for a basic characterization of the effluent that allows the sizing of the treatment plant by means of 
NTSW, the flow rate (Q), chemical oxygen demand (COD), conductivity (EC), total nitrogen (TN) and ammonia 
(NH3) are defined. 
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However, when it comes to dimensioning these systems, there are no tools applicable to agricultural and 
livestock farms in isolated territories, and they are limited to adaptations based on experience in small 
communities and rural settlements [29 -30]. 

1.2. Treatment systems for wastewater 

Different slurry treatment systems have been proposed with the aim of reducing the pollutant load so that the 
treated waste can be reused as fertilizer or safely discharged into the sewage system [18, 19].  

Conventional systems involve treating the effluent by means of concentrated physicochemical and biological 
processes in which the hydraulic retention time (HRT) is relatively short, and a stable operation can be ensured 
within preestablished and carefully controlled parameters. These have been implemented with varying degrees 
of success, but numerous problems have been reported, associated especially but not exclusively with the 
modes of operation and the costs of the system [18, 20–25]. 

Many pig farms have very tight profit margins and have few human resources due to direct competition with 
other more suitable production sectors, making on-farm effluent treatment necessary [19, 22, 26 - 27].   

Natural treatment systems of wastewater (NTSW) employ effluent storage with a longer HRT which depends 
on the load applied and the climatic conditions, with the organic matter degraded though the activity of 
heterotrophic bacteria present in the natural environment. The treatment is carried out by passing the effluent 
through various types of ponds, artificial wetlands and anaerobic digesters, each of which facilitates a series 
of natural processes. Such systems have been successfully applied in rural community settings and small 
settlements with a population equivalent below 1000 [1, 2, 28]. 

However, when it comes to sizing such systems, there are no tools available for agricultural and livestock 
farms in isolated territories, with sizing limited to adaptations based on local farmer experience [29 - 30]. 

1.3. Geographic and primary sector overview 

The island of Gran Canaria has a total 136 pig farms, the majority of which are small and family production. 
However, 10% of these farms account for more than 90% of the census and are industrial farms, in some 
cases close to environmental protection zones and are shown in Figure 1. For many years, livestock waste 
has been used as fertilizer in fields or farmland. However, in recent years, the gradual disappearance of these 
small farms and the increase in intensive livestock farming, the high number of animals per farm and the 
abandonment of traditional systems have led to a greater fluidity and dilution of the waste generated, thus 
increasing its volume, but there is not always enough arable land for its correct disposal [30]. 

 

Figure 1. Study pig farms in Gran Canaria 

According to the applicable Spanish legislation, which establishes basic rules for the management of intensive 
pig farms, farms can be classified according to their productive capacity, which can be self-consumption farms, 
reduced farms and industrial farms, a self-consumption farm is considered a farm when it is used for the 
breeding of animals exclusively for family consumption, with a maximum production per year of 3 fattening 
pigs and without having a breeding farm; a reduced farm is one that houses a maximum number of 5 breeding 
animals, being able to keep a  number of no more than 25 fattening animals. 

This legislation also establishes standards for the management of livestock waste on the farm and the 
production of manure (theoretical maximum) by livestock unit (LSU). This unit is established for purposes of 
comparison between livestock species, classifying farms according to this value. By way of example, the 
corresponding LSU is 0.30 for boars with a waste production of 6.12 m3/place/year, 0.96 for closed cycle sows 
with a waste production of 17.75 m3/place/year, and 0.02 for piglets from 6 to 20 kg with a waste production of 



0.41 m3/place/year. This classification distinguishes between family farms, which may not house more than 
the equivalent of 5 LSUs, and industrial farms, which are farms with a capacity of up to 120 LSUs. 

 

1.4. Objective 

The objective and the novelty of this work is the proposal of a series of strategies and tools for the design and 
characterization the effluents of NTSW in livestock farms. As an application, an inventory, characterization, 
and sizing will be carried out for the pig farms with the greatest impact located on the island of Gran Canaria. 

2. Materials and Methods 

2.1. Model 

In this article, the methodology was adapted from that shown and applied [18], in which a study of the water-
energy-waste nexus is developed, considering parameters of waste generation, consumption and occupied 
surface. The integral model is shown in Figure 2, for the evaluation of livestock farms in Gran Canaria, also 
considering the parameters of greenhouse gas emissions (GHG). 

 

Figure 2. Model 

2.2. Waste generation and characterization 

Numerous authors have indicated the need to have tools to characterize livestock waste and to monitor 
parameters that are easy to apply and measure on the farm itself [1, 31–33]. 

Therefore, the waste generated in each farm was characterized considering the following variables: Q, COD, 
EC, TN and NH3 from historical data. 

The Q has been characterized by means of the correlation between the effluent flow rate and the number of 
sows with a correlation coefficient of 0.976 [2]. On the other hand, it was carried out according to Royal Decree 
306/2020, of February 11, which includes the manure production (theoretical maximum) by type of livestock. 
As for COD, the correlation between input COD and Q; with a correlation coefficient of 0.575 [2]. 

For EC there is no significant correlation between conductivity and Q or COD, but there is a significant 
correlation with organic matter (Morg). For this reason, Morg was characterized by the correlation between 
Morg and COD with a correlation coefficient of 0.945 [2]. On the other hand, conductivity was calculated by 
the correlation between EC and Morg with a correlation coefficient of 0.938 [2]. 

Finally, the TN generated was characterized by correlation with an r=0.74 [31,34] and the generated NH3 was 
characterized by the correlation with a correlation coefficient of 0.91 [31, 34].  

 

 

 

 

 

 

 

 

 

Variable unit Correlation 

Q m3/day  Q=4.425+3.029×10-7∙(No.Sow)3 

COD mg/L COD=7,995.901+360.593∙(Q)2 -10.134∙(Q)3 

Morg mg/L Morg=162.505+0.273∙(COD) 

EC dS/m EC (dS⁄(m)=0.009∙(Morg)-8.4×10-7∙(Morg)2 

TN mg/L TN=83.79∙EC1.25 

NH3 mg/L NH3=39.89∙EC1.343 



 

 

 

2.3 Livestock farms. 

The 9 selected farms on the island of Gran Canaria have from 15 to 220 sows (3.75 a 55 UGM), the farms 
total 4,442 animals, representing 94% of the total census on the island [35]. The farms have between 1,180 
and 82, 065 m2 of available land [36]. 

2.4 Natural Treatment Systems. 

For the application of the NTSW, the starting point was the articles [1, 28] which study three livestock farms, 
one of which is our reference farm [2]. The criteria used for the design were the characteristics of the farms, 
Q, COD and EC. 

2.5 Initial characterization and design of the treatment system. 

For the application of the NTSW, the same rotary sieve (50mm) has been applied (and in the case of the 
digester and ponds plus wetlands, based on the data obtained in these articles, their behavior has been studied 
according to the needs of the farms studied [1, 2, 28]. The digester is more suited for a high removal of COD 
2.33 %/day and ponds plus wetlands system is more suitable for a removal of EC 1.5%/day [2, 28]. To start, 
set the number of sows of the farm, set a depuration target (measured in COD and EC reduction) and 
characterize the waste generated, Q, COD, EC, NT, NH3. A mechanical separation system is applied [21] and 
we study the behavior it has on the waste. With this final waste, we start to design the digester starting from 1 
chamber with the desired volume (22, 10 and 5 m3) [2, 28], considering the Q of the farm, with a % removal of 
COD and EC according to the volume of the chamber. As digester data we obtain COD, EC, hydraulic retention 
time (HRT) and total volume (Vdig) and we check if the livestock farm, due to its location and available surface, 
it is possible and necessary to apply a pond + wetland. For the application of a pond plus wetland we start 
from the criterion of the location of the farm, considering if it has a nearby population, since this process 
releases bad odours, and if it is in areas with a high percentage of rainfall and high altitude, being open systems 
more influenced by climatic conditions (temperature, humidity, rainfall, and evaporation). If it is not possible to 
design the pond, it is observed whether the results obtained meet the objective. If so, the digester is designed, 
if not, another chamber is added to the digester and so on. 

In terms of its design, it is based on a 15-day HRT, thus setting the maximum volume of the basin (VLag), a 
COD removal rate of 1.34 %/day and an EC removal rate of 1.51 %/day [2]. With the results obtained we check 
if it meets the target. If the COD is high to the target, The volume of the digester would be increased by adding 
a chamber and so on, if the EC is high to the target we would increase the volume of the pond + wetland. The 
decision tree is shown in Figure 3, to characterize the natural depuration systems of livestock farms in Gran 
Canaria. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 
Figure 3. Decision tree. 

3. Results and discussion 

3.1. Types of farms and waste 

This study has focused on 9 farms which, due to their characteristics, type of farm and number of sows, require 
a treatment system. From the farms studied, the waste generated was characterized, obtaining COD values 
between 24,078 and 8,049 mg/L, EC between 23 and 16 dS/m and between 2,625 and 1,704 mg/L of NH3 
generated. The selected farms have an available plot between 1,180 and 82,065 m2, with different soil types 
and according to the Gran Canaria 2017 management plan could be built on the evaluated soils. By size and 
type of soil an NTSW can be implemented in the farms.  These data are reflected in Table 1. 

As mentioned above, to propose a natural depuration treatment system, it is necessary to know the waste 
generated in each farm, i.e., the slurry Q, COD, EC, TN NH3. 

The slurry flow rate was characterized by two criteria, by correlation and/or by Royal Decree 306/2020, 
February 11. The choice of one method or the other was based on the type of farm (intensive-confined or 
semi-confined) and the number of sows. These criteria are since an intensive-confined farm stores more 
manure than a semi-confined farm. However, intensive-confined farms have been characterized according to 
the Royal Decree. The reason for this choice is because, although they are industrial farms, the number of 
sows is lower than the other farms and in the case of using the criterion of number of sows, an error of 62-
92% is made, resulting in over-dimensioning the capacity of the NTSW of the farms. 

The COD values obtained are in the range between 24,078 and 7,999 mg/L. The mean value is within the 
range of the observed values of 5,000 and 25,000 mg/L [37], between 28,000 y 13,200 mg/L [38], between 
14,200 y 9,400 mg/L [32]. 

The EC values found are in the range between 16,3 y 23 dS/m. Previous studies have found values, among 
13.2 y 33.2 dS/m [31] and from to 9.9 y 25 dS/m [32] hence these results are considered valid.  

Table 1. Characterization of farms and livestock wastes 

Farm X Y Z 
Available 
area (m2) 

Type of farms 
UGM 

(unit)  

Q 
(m3/day)  

COD 
(mg/L) 

Morg 
(mg/L) 

EC 
(dS/m) 

NT 
(mg/L)  

NH3N 
(mg/L)  

1 458,08 3,091,56 249.26 18,935 
intensive- 
confined 

109.45 7.52 24078.48 6699.93 22.59 4127.14 2625.67 

2 455,82 3,084,34 119.28 58,642 
intensive- 
confined 

84.5 5.15 16186.60 4545.45 23.55 4347.77 2776.77 

3 446,11 3,102,56 705.20 4,516 
intensive- 
confined 

70.13 4.62 14705.19 4141.02 22.86 4189.40 2668.25 

4 456,59 3,086,37 248.09 1,180 semiconfined 32.13 1.76 9056.79 2599.01 17.72 3045.65 1894.32 

5 446,85 3,110,52 330.13 6,885 semiconfined 18.32 1.00 8346.36 2405.06 16.79 2847.08 1761.95 

6 440,65 3,096,39 1216.72 10,089 
intensive- 
confined 

32.05 1.67 8953.96 2570.94 17.59 3017.58 1875.57 

7 457,82 3,085,47 97.72 82,065 
intensive- 
confined 

50.95 2.60 10262.17 2928.08 19.15 3356.81 2103.01 

8 434,67 3,081,32 202.11 5,931 semiconfined 14.8 0.81 8228.20 2372.80 16.63 2813.02 1739.31 

9 445,53 3,097,59 1026.85 35,541 semiconfined 7.27 0.39 8049.96 2324.14 16.38 2761.10 1704.84 

 

Finally, the TN generated was characterized by giving values between 2,746 y 4,347 mg/L and the NH3 
generated between 1,694 y 2,625 mg/L. The results obtained from the calculations performed high values of 
ammonia, which may affect health and productivity as described by several authors. [39 – 43], It is necessary 
to adequately manage livestock waste. Table 1 shows the results obtained in this study in the different farms. 

3.2 Natural treatment system. 

From [2, 28] the characteristics of the farms, where they are located, flow, COD, EC and according to current 
local legislation sets a maximum discharge target of 1600 mg/L COD and 2500 μS/cm EC the NTSW sizing 
has been proposed for each farm. 

For farm 1, an NTSW consisting of a rotary screen, homogenizer tank and digester has been proposed. In the 
case of the sieve, it has been designed the same as that of the reference farm, giving a reduction percentage 
of 45% and an EC reduction percentage of 7.5%. As for the digester, starting with 4 chambers and a chamber 



volume of 22 m3, with a COD reduction percentage of 30%, a necessary volume of 96.82 m3 and a hydraulic 
retention time of 13 days was obtained. However, the result of this design did not meet the objective. For this 
reason, 6 more chambers were added, increasing the COD reduction percentage to 77% and an HRT of 33 
days. 

In the case of farm 2, the same criteria are used, and the digester is also increased to a HRT of 26 days and 
a COD reduction percentage of 59.84%. In these two farms it was decided to increase the digester instead of 
installing a pond and wetlands, like the reference plant, because the digester has a higher percentage of COD 
reduction than the pond plus wetlands and because the area where these farms are located has low 
precipitation and therefore does not favour the degradation of organic matter in the pond. 

For farms 4, 5, 6, 6, 7, 8 and 9, a NTSW consisting of a rotary screen, homogenizer tank and digester has also 
been designed. In these cases, the screen is the same for all, but the digester varies in terms of number of 
chambers, chamber volume and HRT, depending on the effluent conditions. All farms with an average of 25 
HRT and an average COD reduction % of 61% meet the discharge criteria. However, farms 5, 6 and 9, due to 
their location, could be equipped with pond with wetlands. Therefore, for these farms it would be recommended 
to install a pond and wetland, even if they meet the objective, since this would improve the final discharge 
conditions. Appendix A shows the results obtained in this study in the different farms. 

 

4. Conclusions 

• The characterization of the parameters Q, COD, EC, NT, NH3 

•  of the farms studied in Gran Canaria indicates the importance of adequate treatment in the farm itself to 
minimize the environmental impact that this activity supposes for the environment.  

• NTSW are suitable and provide a viable treatment alternative for the livestock waste produced. 

• There is no single NTSW model for all pig farms as the type, flow, organic load, location and climatic 
conditions of each one will dictate the conditions of its design. 

• The proposed decision strategy tools for the design of NTSW have proven to be a useful tool for the sizing 
of the farms considered in the study. 

5. Nomenclature 

 Q flow rate 

COD chemical oxygen demand 

EC electrical conductivity 

TN total nitrogen 

NH3 ammonia 

GHG greenhouse gas emissions 

Morg organic matter  

No Sow number of sows 

LSU livestock unit 

HRT hydraulic retention time 
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Appendix A 

 

Table 3. Proposed NTSW design. 

 Pond + constructed wetlands NTSW 

Farm HRT (day) % removal COD 
(%/day) 

COD (mg/L) % removal EC (%/day) EC (dS/m) V (m3) Surface (m2) V (m3) Surface (m2) HRT (day) 

1 - - - - - - - 96.83 83.61 33.35 

2 - - - - - - - 66.36 44.12 25.68 

3 15 1.34 1,730.56 1.51 15.79 69.37 46.24 128.91 73.42 33.00 

4 - - - - - - - 22.65 14.88 25.38 

5 15 1.34 312.43 1.51 11.18 15 10 27.88 21.63 49.88 

6 15 1.34 702.88 1.51 11.93 25.04 16.7 46.54 31.20 41.05 

7 - - - - - - - 33.53 18.51 21.32 

8 - - - - - - - 10.45 6.82 25.19 

9 15 1.34 644.41 1.51 11.12 5.84 3.89 10.85 7.23 40.72 

 

 

 

 
Effluent             Solid-liquid separation Biodigester 

Farm Q 
(m3/day) 

COD 
(mg/L) 

EC 
(dS/m) 

% removal 
COD (%) 

% removal 
EC (%) 

COD 
(mg/L) 

EC 
(dS/m) 

% removal 
COD 

(%/day) 

% removal 
EC 

(%/day) 

HRTdig 
(day) 

Vchamber 
(m3) 

V (m3) Chambers 

(units) 

COD 
(mg/L) 

EC 
(dS/m) 

1 7.520 24,078.48 22.59 45 7.45 13,243.16 20.91 2.3 0.2 33 22 96.8 10 1,341.49 20.25 

2 5.154 16,186.60 23.55 45 7.45 8,902.63 21.80 2.3 0.2 26 22 66.4 5 1,625.21 21.05 

3 4.624 14,705.19 22.86 45 7.45 8,087.85 21.16 2.3 0.2 18 22 59.5 3 2,165.91 20.42 

4 1.759 9,056.79 17.72 45 7.45 4,981.23 16.40 2.3 0.2 25 22 22.7 1 925.22 15.56 

5 1.000 8,346.36 16.79 45 7.45 4,590.50 15.54 2.3 0.2 35 22 12.9 1 391.03 14.45 

6 1.670 8,953.96 17.59 45 7.45 4,924.68 16.28 2.3 0.2 26 22 21.5 1 879.70 15.43 

7 2.604 10,262.17 19.15 45 7.45 5,644.19 17.72 2.3 0.2 21 22 33.5 2 1,290.86 16.97 

8 0.812 8,228.20 16.63 45 7.45 4,525.51 15.39 2.3 0.2 25 10 10.5 1 849.63 14.61 

9 0.389 8,049.96 16.38 45 7.45 4,427.48 15.16 2.3 0.2 26 5 5.0 1 806.52 14.38 

Table 2. Proposed NTSW design. 
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Abstract: 
Numerous methods are invented to capture the dissipating heat from different sectors, among all, the 
combination of power generation and fresh water units in the form of integrated systems based on renewable 
energy has received less attention. In traditional systems, not only was energy wasted to the environment, 
but fossil fuels caused serious damage to the environment. To overcome this problem, a new solar-biomass 
driven integrated system is devised in this investigation. Instead of wasting the energy of sCO2 into the 
environment, a novel system is proposed to increase EUF. Meanwhile, the use of HDH-TVC-RO along with 
the MED unit increases the amount of freshwater rate. The results indicated that the fresh water rate, GOR, 
and EUF are 29.36 kg/s, 14.38, and 3.372, respectively. Hence, the total GOR of the devised system is 
constant with the alteration of input vapor pressure to HDH-TVC; in contrast, the total GOR is increased with 
the increase of the pressure ratio of compressors. In addition, the behaviour of the EUF is linear in the 
presence of alteration of both parameters of input vapor pressure parameters to HDH-TVC and the pressure 
ratio of compressors. 

Keywords: 
Parabolic trough collector, biomass gasification, SCO2, MED desalination, HDH-TVC-RO. 

1. Introduction 
Water and power are two essential resources necessary for human survival and the functioning of modern 
society. Unfortunately, the scarcity of these resources is a growing concern worldwide, particularly in areas 
with growing populations, increased industrialization, and changing weather patterns. Access to clean and 
safe drinking water is a fundamental human right, yet many people in developing countries still lack primary 
access to this resource. Furthermore, power outages and unreliable energy sources can disrupt daily life, 
especially in countries with limited infrastructure. As the world population grows, there is an urgent need to 
address these issues and find sustainable solutions to ensure that everyone has access to these vital 
resources. On the other hand, the production of water and power with fossil fuels has significant 
environmental impacts that damage the planet. The combustion of fossil fuels releases carbon dioxide and 
other greenhouse gases into the atmosphere, contributing to global climate change [1]. In addition to climate 
change, extraction, transportation, and burning of fossil fuels can cause air and water pollution, habitat 
destruction, and soil degradation. For example, coal-fired power plants produce large amounts of air 
pollutants such as sulphur dioxide, nitrogen oxides, and particulate matter, contributing to respiratory 
problems and other health issues[2]. Production of water using fossil fuels can also lead to environmental 
degradation. Given these negative impacts, there is an urgent need to transition towards cleaner and more 
sustainable alternatives to produce water and power, such as renewable energy sources such as solar, 
wind, and biofuels.  

Today, the use of Integrated Systems using renewable resources (ISRR) is a very efficient cure to overcome 
the problems of water and power shortage due to increased efficiency, cost savings, enhanced resilience, 
reduced environmental impact, and increased flexibility. Over the past decade, several investigations have 
pivoted the limelight on the all-round usage of the ISRR via proposing various renewable energies such as 
wind, solar and biofuels (for employing its producing heat) or recommending different thermal-driven 



desalination systems (for producing drinking water). Xia et al. [3] proposed a solar-powered supercritical 
carbon dioxide (sCO2) cycle for reverse osmosis (RO) desalination. The recommended integrated system 
includes a sCO2 power cycle, solar collectors, RO, and LNG subsystem. They employed thermodynamics 
analysis and maximized the rate of produced drinking water by using a genetic algorithm for parametric 
optimization. They found an optimal value for the turbine input pressure of the sCO2 cycle to obtain the 
maximum exergy efficiency. Under optimal conditions, a proposed ISRR reached the daily exergy efficiency 
of 4.90% and produced 2537.33 m3 of drinking water per day. In 2016, Kouta et al. [4] conducted an 
investigation on ISRR comprised of a solar tower, a sCO2 subsystem (for power generation), and multiple 
effect desalination with thermal vapor compression (MED-TVC) (for freshwater production). They compared 
two sCO2 cycles consisting of regeneration and recompression. ISRR was analysed from thermodynamic 
and exergoencomic points of view; the result showed that the solar tower generated more than 80% of the 
total entropy in both configurations, followed by the MED-TVC system, and the sCO2 subsystem. A case 
study for different cities in Saudi Arabia was conducted and these results were extracted that the cities of 
Yanbu, Khabt, and Al-Ghusn achieved the lowest cost, respectively. The Yanbu LCOE was 0.0826 $/kWh 
and 0.0915 $/kWh for the recompression and regeneration solar cycles at a fraction of 0.5, respectively. 
Then, Sharan et al. [5] found the optimal feed flow in a cogeneration system consisting of a MED and sCO2 
for the production of electricity and freshwater simultaneously. The results showed that the forward feed is 
an optimum configuration compared to the parallel/ cross one. Consequently, the forward feed configuration 
reduced the distilled cost by 2.6% and increased the distilled production by 7.5%. In the same year, Alharbi 
et al. [6] compared two integrated systems consisting of sCO2 as a power supplier combined with multi-
effect desalination coupled with mechanical vapor compression (MED-MVC) and conventional MED. Since 
the efficiency of the MED system is higher in the forward feed configuration[5], they invented both integrated 
systems with forward feed configuration. It was generally perceived that the performance of the conventional 
MED system in universal performance ratio, total water price, and specific power consumption for MED 
systems was better than that of the MED-MVC system. In 2019, Sharan et al. [7] invented an innovative 
concept to reduce the cost of distilled water. In this regard, they introduced an ISRR which includes a sCO2 
Brayton cycle that uses its dissipating heat to run a MED system. Concentrating solar power (CSP) plants 
were responsible for supplying energy to the integrated system. Due to the intermittency of solar radiation, 
the system included tanks for storing solar energy. Optimization of the storage tank led to reduction of the 
cost of distilled water by 19% and increase of the capacity of MED system from 46% to 75%. In addition, 
they compared the MED and RO systems from the point of view thermoeconomic, the comparison revealed 
that the use of MED can decrease the cost of distillation by 16%. In order to compare the distillation methods 
in the ISRR systems, Rostamzadeh et al. [8] conducted a cost comparison in two different ISRR systems. 
They juxtaposed the hybrid HDH-RO system and the solo-RO system, both of them driven by dissipating 
heat of the wind turbine. The results revealed that the drinking water production using a solo RO unit is 
cheaper than one using a hybrid HDH-RO desalination unit. Exergic analysis and operation simulations of 
the concentrated solar-driven power and desalination (CSPD) system are carried out by Wang et al. [9]. 
They showed that the efficiency of the sCO2 cycle could be 36.6%, while the distilled water and output power 
produced by CSPD are 4050.8 t/day and 50.1 MW/day, respectively. In order of thermodynamic metrics, the 
results pointed out that two highest energy destruction and two minimum exergy efficiency are related to 
heat exchanger of the desalination system and solar tower receiver. They concluded that the CSPD systems 
are economically feasible since the system has levelized cost of water (LCOW) of 1.15 $/t and LCOE of 
0.059 $/kWh. Since the use of sCO2 can reduce the cost of solar power generation, Yuan et al. [10] used 
sCO2 in the ISRR combined with the MED unit. One of the concerns about the combination of the sCO2 cycle 
with the MED unit was the possibility of a decrease in the efficiency of the sCO2 cycle, which they showed 
that such a combination does not reduce the efficiency of the sCO2. They showed in the low split ratio (the 
ratio of the mass flow rate of the main compressor to the total mass flow rate), approximately less than 0.6, 
that the amount of freshwater produced decreases with the increase of the split ratio. For values greater than 
0.6 the freshwater rate is increased with the increase in the split ratio. In the optimal state, the LCOE is 0.081 
$/kWh and the LCOW is 0.81 $/m3. Using the five-effect distillation system, the freshwater results indicated 
that the rate is 459 m3/day. Realizing that the heat dissipating from an CSP-sCO2 can be used for free but 
with slightly reduced thermal efficiency, Omar et al. [11] invented a new ISRR based on CSP, a CO2 cycle, 
and Cascade MED system. The results indicated that four-MED systems can maximize freshwater 
production, with 57% dissipating heat energy recovery compared to 26% waste heat recovery using a single-
MED system. In another study, khanmohammadi et al. [12] proposed an ISRR system consisting of a solar 
collector, a humidification and dehumidification (HDH) unit. The system is surveyed using environmental 
simulation and thermodynamic modelling. The results indicated that an increase in the compressor pressure 
ratio leads to a decrease in COP and freshwater flow. Similarly, freshwater production and exergy efficiency 
decrease with an increase in the outlet pressure. Although the authors used a solar collector to supply the 
heat needed for the HDH system, they could use a sCO2 system to increase the efficiency of the system and 
supply the energy by using dissipating the heat of the sCO2 unit. 

The use of clean energy to prevent serious damage to the environment is not limited to solar and wind 
energy. In several scholars, attention has been paid to biomass to supply the heat needed for ISRR 



consisting of the sCO2 cycle. Balafkandeh et al. [13] proposed a biomass-based heating, power, and cooling 
system configuration consisting of sCO2.The system was analysed from thermodynamic exergoeconomic 
viewpoints, in addition an environmental analysis is carried out to evaluate the CO2 emission of the proposed 
system. Cao et al. [14] introduced a biomass-fueled integrated cycle to generate adequate power. The 
invented system includes two Brayton cycles with working fluids of sCO2 and nitrogen. An economic and 
thermodynamic investigation is performed. To seek the optimum from the exergoeconomic viewpoint, multi-
criteria optimization is conducted. The results indicated that the exergetic efficiency reach 43.51% and the 
power cost leads 19.78 $/GJ in state of optimal point. Finally, in 2023, Hai et al. [15] combined a biomass-
fueled SCO2 cycle with a MED desalination system to product power and freshwater simultaneously with the 
highest efficiency and without harming the environment. 

1.1. Scientific Gaps 
According to the authors of the above-reviewed works, it can be understated that there are considerable 
scientific gaps in previous studies dealing with the integration of the sCO2 cycle with a desalination unit as a 
bottoming cycle for the production of power and drinking water, simultaneously. Although it has been shown 
in the above literature that various sources of clean energy including solar, wind and biomass can be used to 
supply the required heat of the bottoming cycle (e.g., MED unit), each of them has shortage. To date, no one 
has used the combination of two renewable resources for driving one of the desalination methods. It has 
been indicated that using the MED unit as the bottoming cycle of the sCO2 system driven by a biofueled 
heat source is carried out by Hai et al. [15]. However, they did not pay attention to the fact that the fresh 
water produced by the MED unit has a high temperature compared to the ambient temperature. In this case, 
by slightly increasing the temperature of the produced water, it can be used as an energy supplier in low-
temperature cycles such as HDH unit. Furthermore, it is obvious that the drinking water distillated from a 
MED unit is more expensive than an HDH unit due to Khalilzadeh and Nezhad [16]reported a high value of 
16.16 $/kWh for the cost of fresh water. 

1.2. Novelties  
Integration of the Rankine cycle with a distillation system can increase the operating pressure of the 
condenser (in the Rankine cycle), which leads to an increase in the heat-rejection temperature. Still, such a 
combination reduces the efficiency of the power plant's efficiency[5]. To eliminate the defect of reducing 
efficiency, it is possible to utilize the sCO2 Brayton cycle because it has high efficiency compared to the 
Rankine cycle. On the other hand, the sCO2 cycle has high-temperature rejection that is suitable for driving 
an MED system[7]. As mentioned, the biomass-fueled integration of the sCO2 and MED unit was 
investigated in 2023. But in the present study, to increase the amount of freshwater production, the 
freshwater produced by the MED unit, which has a relatively high temperature, was redirected to a new 
subsystem consisting of HDH-TVC-RO. Solar collectors are used to increase the temperature of the 
redirected freshwater that drives the HDH-TVC-RO unit. All in all, the primary purpose of this study is 
multifaceted and is pinched as follows: 

 Proposing a novel integrated system using biomass and solar energy as primary sources. 
 Using MED, HDH, and RO desalination unit and sCO2 cycle in the solar biomass-based multigeneration 

unit. 
 investigating a comprehensive study assessing the impacts of vital parameters on the performance of 

the invented integrated system. 

2. Description of the setup  
A schematic diagram of the proposed system is shown in Fig. 1. The system consists of five subsystems: 
gasifier, supercritical CO2 cycle, Multi-effect desalination system, Parabolic Trough Solar and varied 
pressure humidification-dehumidification system coupled with reverse osmosis.  In the gasification process, 
biomass (68) and environmental air (69) are fed to the gasifier where syngas is produced. Syngas is then fed 
to the combustion chamber (CC) together with the hot air exiting from the Air pre-heating (76). The high-
temperature combustion products (71) are directed to the reactor to supply the energy for the supercritical 
CO2 cycle, which is used to increase the turbine inlet temperature (TIT) in the S–CO2 cycle (2).  The SCO2 
power cycle is actually a combination of the Power system and the MED (multi-effect desalination) so that 
the heat rejected in the gas cooler1 of the S–CO2 system is utilized to run the MED which is used to produce 
fresh water in the MED system. 

Some of the water produced by the MED system increased pressure by the water pump (62). The high-
pressure water then takes its initial energy through the PTC (Parabolic Trough Collector) system, and the 
high-pressure water is converted into steam by the evaporator, which obtains this energy from the exhaust 
gas. The high-pressure steam (46) by thermal vapor compressor enters a humidification-dehumidification 
system coupled with reverse osmosis to produce more water . 

 



 
Figure 1: Schematic of the devised solar-biomass-driven power/desalination unit.  

3. Materials and Methods  
3.1. Thermodynamic assumptions 
To analyse the proposed solar-biomass integrated system, below assumptions are developed: 

 All Governing equations and thermodynamic process are advanced under steady-state condition. 

 The freshwater temperature is assumed as the average temperature of the air in the closed loop 
of HDH unit. 

In addition, other required thermodynamic data for the devised system is illustrated in Table 1. 

 

Table 1: Set of input parameters for thermodynamic simulation of the devised system. 

The input data Unit Value Ref. 
Ambient temperature 𝐾 298.15 [17] 
Ambient press 𝑏𝑎𝑟 1.013 [17] 
Gasifier and combustion reactions 
Type of biomass feedstock  𝑊𝑜𝑜𝑑 𝐶𝐻ଵ.ସସ𝑂. [18] 
Biomass flow rate 𝐾𝑔, 𝑠ିଵ 1.115 [19] 
Moisture content % 20 [18] 
Gasification temperature K 1073.15 [18] 
Outlet temperature of combustion chamber K 1520 [20] 
Pressure ratio of compressors  3 [21] 
Temperature output of gas cooler 2 C 35 [22] 
Temperature of Reactor C 550 [21] 
Compressor efficiency % 0.9 [21] 
Turbine efficiency % 0.85 [21] 
Epsilon LTR % 0.86 [22] 
Epsilon HTR % 0.86 [22] 
Pressure output Turbine bar 74 [22] 
Temperature difference of Gas cooler 1 C 10 [22] 
Number of effects  7 [23] 
Seawater salinity gr/kg 35 [23] 
Condensation temperature of the 1st effect K 344.15 [23] 
Temperature difference between effects K 3.3 [24] 
Temperature difference condenser K 0.7 [24] 
Feed/seawater mass flow rate ratio at states 13 
and 14 

 0.415 [24] 

Number of PTC  3  
Pressure of PTC water bar 15 [25] 



DNI ptc W/m^2 1000 [25] 
Fluid work  Water [25] 
Temperature difference PTC_hex K 10  
Inlet Temp of PTC C 70 [25] 
Mass flow rate of PTC Kg/s 0.8 [25] 
Vapor Pressure inlet TVC bar 50 [26] 
Seawater salinity g/kg 35 [27] 
Humidifier effectiveness % 85 [27] 
Dehumidifier effectiveness % 85 [27] 
Expander efficiency % 50 [26] 
TVC efficiency % 30 [26] 
TVC pressure ratio  1.2 [26] 
Pump efficiency % 70 [27] 
Heat capacity rate ratio  1 [26] 
Recovery ratio % 0.3 [28] 
Salt rejection percentage  0.9944 [28] 
Fouling factor  0.85 [28] 
Element area m^2 35.4 [28] 
Number of elements  7 [28] 
Number of pressure vessels  42 [28] 
 

3.2. Energy analysis  
Conservation equations including energy and mass can be articulated as [29]: 

Mass balance Eq.: 

 �̇� −  �̇�௨௧ = 0                                            (16) 

Energy balance Eq.: 

�̇�.௩. − �̇�.௩. = (�̇�ℎ)௨௧ − (�̇�ℎ)                                (17) 

Salinity balance Eq.: 

(�̇�𝑆) − (�̇�𝑆)௨௧ = 0                                            (18) 

The desalination flow ratio (𝑀𝑅) of the HDH unit is expressed as follows [23]: 

𝑀𝑅 =
�̇�௦௪௧

�̇�ௗ௬

                                                      (19) 

The effectiveness of humidifier/dehumidifier (ε) is expressed as below [23]: 

𝜀 =
∆�̇�

∆�̇�௫

                                                          (20) 

The energy, mass and salinity relations for each component of the invented system are showed in Table 2. 

Table 2: Mass, Salinity, and Energy balance equations for each component of the proposed system. 

Component Mass and energy balance equations 

Reactor �̇�ோ௧ = �̇�ଵ(ℎଵ − ℎଶ) = �̇�ଶ(ℎଶ − ℎଵ) 
Gas Turbine 

�̇�ீ௦௧௨ = �̇�ଶ(ℎଶ − ℎଷ), 𝜂ீ௦௧௨ =
ℎଶ − ℎଷ

ℎଶ − ℎଷௌ

 

HTR �̇�ு்ோ = �̇�ଷ(ℎଷ − ℎସ) = �̇�ଵ(ℎଽ − ℎଵ) 
LTR �̇�்ோ = �̇�ସ(ℎସ − ℎହ) = �̇�଼(ℎଽ − ℎ଼) 

Compressor 1 
�̇� ଵ = �̇�(ℎ଼ − ℎ), 𝜂

𝑐𝑜𝑚𝑝 1
=

ℎ7 − ℎ8𝑆

ℎ7 − ℎ8

 

Compressor 2 
�̇� ଶ = (𝑥)�̇�ହ(ℎଽ − ℎହ), 𝜂

𝑐𝑜𝑚𝑝 2
=

ℎ5 − ℎ9𝑆

ℎ5 − ℎ9

 

Gas cooler 1 �̇�ீଵ = �̇�(ℎହ − ℎ) = �̇�ଶଶ(ℎଶଶ − ℎଶଷ) 
Gas cooler 2 �̇�ீଶ = �̇�(ℎ − ℎ) = �̇�ଵ(ℎ − ℎଵ) 
Effects 𝑇,௨௧ = 𝑇,୭୳୲ = 𝑇,୧୬ − ∆𝑇ா 



�̇�ୗ + �̇�,୧୬ = �̇�,௨௧ + �̇�,୭୳୲ 

�̇�,𝑆,୧୬ + �̇�ୗ𝑆ୗ = �̇�,௨௧𝑆,୭୳୲, �̇�ୗ =
�̇�ଵସ

𝑁ா
 

�̇�ℎ + �̇�,௨௧ℎ,௨௧ + �̇�,୭୳୲ℎ,୭୳୲ = �̇�ୗℎୗ + �̇�,ℎ, + �̇�,ℎ,୧୬ 
condenser �̇�ௗ = �̇�ଵଶ(ℎଵଶ − ℎଵଵ) = �̇�ସଶ(ℎସଶ − ℎସସ) 
Mixer �̇�ଶℎଶ + �̇�ଶଽℎଶଽ + �̇�ଷଶℎଷଶ + �̇�ଷହℎଷହ + �̇�ଷ଼ℎଷ଼ + �̇�ସଵℎସଵ = �̇�ସହℎସହ 
Water Pump 

�̇�ௐ௨ = �̇�ଵ(ℎ62 − ℎ62), 𝜂ௐ௨ =
ℎଵ − ℎଶ

ℎଵ − ℎଶௌ

 

PTC HX �̇�்,ு௫ = �̇�ଶ(ℎଷ − ℎଶ) = �̇�ହ(ℎହ − ℎ) 
Evaporator �̇�ா௩ = �̇�ଷ(ℎସ − ℎଷ) = �̇�ଶ(ℎଶ − ℎଷ) 
Air preheater �̇�ு = �̇�ସ(ℎସ − ℎଷ) = �̇�(ℎ − ℎହ) 
Dehumidifier �̇�(ℎସଽ − ℎହ) = �̇�ହଵ(ℎହଶ − ℎହଵ) + �̇�ହସℎହସ 

�̇�ହସ = �̇�(𝑤ହ − 𝑤ସଽ) 

 𝜀ௗ௨ = 𝑚𝑎𝑥 〈൬
ℎସଽ − ℎହ

ℎସଽ − ℎହ.ௗ
൰ . ቆ

�̇�ହଶℎହଶ − �̇�ହଵℎହଵ + �̇�ହସℎହସ

�̇�ହଶℎହଶ,ௗ − �̇�ହଵℎହଵ + �̇�ହସℎହସ,ௗ
ቇ〉 

Humidifier �̇�ହଶℎହଶ − �̇�ହଷℎହଷ = �̇�(ℎସ଼ − ℎସ) 

�̇�ହଷ = �̇�ହଶ − �̇�(𝑤ସ଼ − 𝑤ସ) 

 𝜀௨ = 𝑚𝑎𝑥 〈൬
ℎସ଼ − ℎସ

ℎସ଼.ௗ − ℎସ

൰ . ൬
�̇�ହଶℎହଶ − �̇�ହଷℎହଷ

�̇�ହଶℎହଶ − �̇�ହଷℎହଷ.ௗ

൰〉 

TVC 
𝜂் =

�̇�௦௧,௩

�̇�௦௧
, �̇�௦௧ = �̇�ସ 

�̇�௦௧,௩𝑠ସ = �̇�൫𝑠௩,ସଽ − 𝑠ସ଼൯ + �̇�ହ𝑠ହ 
�̇�௦௧,௩ℎସ = �̇�൫ℎ௩,ସଽ − ℎସ଼൯ + �̇�ହℎହ 

Expander 
𝜂் =

�̇�(ℎହ − ℎସ) − �̇�ହହℎହ

�̇�൫ℎହ − ℎ௦,ସ൯ − �̇�ହହℎହ

 

�̇�௫ = �̇�ହℎହ − �̇�ସℎସ − �̇�ହହℎହହ 
High Pressure 
Pump 

�̇� = �̇�ହ(ℎହ − ℎହଷ) 

�̇� = �̇�௫ + �̇�௧ , 𝜂
𝑝𝑢 

=
ℎ57𝑠 − ℎ53

ℎ57 − ℎ53

 

Energy recovery 
turbine �̇�௧ = �̇�ହଽ(ℎହଽ − ℎ), 𝜂௧ =

ℎଷ − ℎ

ℎ − ℎ
 

3.3. Performance Criteria 
The net power of the gas turbine is articulated as follows. 

�̇�௧,ீ் = �̇�ீ௦௧௨ − �̇� ଵ − �̇� ଶ                                         (31) 

where,  �̇�ீ௦௧௨  , �̇� ଵ , and �̇� ଶ are the produced power by gas turbine, Power consumed by 
compressors 1 and 2. The net output power of the devised system can be written as follows. 

�̇�௧,௧௧ = �̇�௧,ீ் − �̇�ௐ௨                    (32) 

The gain output ratio (GOR) of the HDH-TVC-RO unit, MED unit, and the proposed integrated system is 
expressed as [23]:  

𝐺𝑂𝑅ுுି்ିோை =
�̇�ହସ + �̇�ହହ + �̇�ହ + �̇�ହ଼

�̇�ସ

                      (35) 

𝐺𝑂𝑅ொ =
�̇�ସହ

�̇�ଶଶ

                      (35) 

𝐺𝑂𝑅௧௧ =
�̇�ସହ − �̇�ଵ

�̇�ଶଶ

+
�̇�ହସ + �̇�ହହ + �̇�ହ + �̇�ହ଼

�̇�ସ

                      (35) 

Another important metric in the setup is the Recovery Ratio (𝑅𝑅) which is which is defined as follows for the 
HDH-TVC-RO unit, the MED unit, and the proposed integrated system [23].  

𝑅𝑅ுுି்ିோை =
�̇�ହସ + �̇�ହହ + �̇�ହ + �̇�ହ଼

�̇�ହଵ

                                         (36) 



𝑅𝑅ொ =
�̇�ସହ

�̇�ଵଵ

                                         (36) 

𝑅𝑅௧௧ =
�̇�ସହ − �̇�ଵ + �̇�ହସ + �̇�ହହ + �̇�ହ + �̇�ହ଼

�̇�ଵଵ + �̇�ହଵ

                                         (36) 

Finally, the Energy Utilization Factor (EUF) is defined as [27]:  

𝐸𝑈𝐹 =
�̇�௧,௧௧ + (�̇�ସହ − �̇�ଵ)ℎସହ, + �̇�ହସℎହସ, + �̇�ହହℎହହ, + �̇�ହℎହ, + �̇�ହ଼ℎହ଼,

( 𝐿𝐻𝑉௦௦ × �̇�௦௦ + �̇�்,ு௫ )
               (36) 

4. Results and discussion  
4.1. Model Comparison 
In this subsection, a comparison between devised system (shown in Fig. 1) and the five different studies is 
carried out, and the results are illustrated in Table 3. 

In the current research, we explore the utilization of solar energy and biomass gasifier as the primary energy 
sources, while employing the SCO2 power cycle for efficient electricity generation. Moreover, we have 
incorporated multiple units, namely the MED, HDH-TVC, and RO, which collectively yield a substantial 
amount of freshwater. The proposed cycle exhibits impressive performance, with a power output of 4250 kW 
and a freshwater production rate of 29.36 kg/s. Notably, the recovery ratio, GOR, and EUF are reported as 
23.74%, 14.38, and 3.372, respectively. 

Comparatively, our findings demonstrate superior efficiency when contrasted with previous works. Table 3 
illustrates that the GOR values and EUF values of prior studies range from 6.3 to 10.2 and from 0.516 to 
0.884, respectively, further highlighting the enhanced performance of our present work. 

Table 3: Model comparison between the reference system and the devised WT/HDH-MED-MVC 
system. 

Ref. Similar subsystems Net output 
power (kW) 

Freshwater 
rate (kg/s) 

Recovery 
ratio (%) 

GOR EUF 

Present 
study 

Solar biomass, SCO2-MED,  

HDH-TVC-RO 

4250 29.36 23.74 14.38 3.372 

[8] HDH-RO 4459 0.59 13.1 - - 

[30] Solar, MED 419.2 6.8 26.01 8.5 0.884 

[31] SCO2-MED 290960 214.9 - 6.3 0.516 

[32] Biomass, GT, MED 220.4 0.48 - - 0.55 

[33] Solar, MED-TVC - 34.72 - 10.2 - 

4.1. Basic results 
For a base form of the study, the thermodynamic metrics of the devised system are presented in Table 4. 
The most important metrics include the mass flow rate of biomass, total freshwater distilled from the system, 
total GOR and EUF.  

Table 4: Main thermodynamic metrics evaluated for the 
devised system. 

�̇�𝒃𝒊𝒐𝒎𝒂𝒔𝒔 1.155 kg/s 

�̇�𝒏𝒆𝒕,𝒕𝒐𝒕𝒂𝒍 4250 kW 

�̇�𝒇𝒘,𝒎𝒆𝒅 7.361 kg/s 

�̇�𝒇𝒘,𝑯𝑫𝑯ି𝑻𝑽𝑪ି𝑹𝑶 24.38 kg/s 

𝑮𝑶𝑹𝑯𝑫𝑯ି𝑻𝑽𝑪ି𝑹𝑶  10.23 

𝑮𝑶𝑹𝑴𝑬𝑫  6.133 

𝑮𝑶𝑹𝒕𝒐𝒕𝒂𝒍  14.38 

𝑹𝑹𝑴𝑬𝑫  26.73% 

𝑹𝑹𝑯𝑫𝑯ି𝑻𝑽𝑪ି𝑹𝑶  25.36% 

𝑹𝑹𝒕𝒐𝒕𝒂𝒍  23.74% 

𝑬𝑼𝑭 3.372 

4.1. Parametric Evaluation  



In this section, the impact of the input vapor pressure to HDH-TVC and the compression pressure ratio are 
investigated on the main impressed performance criteria such as GOR, net output power and EUF for HDH-
TVC-RO unit MED unit, and whole invented system. 

4.1.1. Impact of the input vapor pressure to HDH-TVC on the system 

Fig. 2 shows an alteration of the GOR, net output power, and EUF versus the input vapor pressure to HDH-
TVC. As Fig. 2 (a) illustrates, in two subsystems of HDH-TVC-RO and MED, and in the entire system, the 
GOR is slightly increased with the increase in the input vapor to HDH-TVC. In the entire range of input vapor 
pressure to HDH-TVC changes from 40 to 60, the GOR value for the HDH-TVC-RO unit is higher than for the 
MED unit. Fig. 2 (b) shows the net output power as well as EUF versus the input vapor to HDH-TVC. As the 
input vapor pressure of HDH-TVC increases, the EUF value also increases almost linearly. Accordingly, the 
EUF value is almost 3.31 in input vapor pressure to HDH-TVC value of 40 and the value EUF increases until 
it reaches 3.42 at the input vapor pressure to HDH-TVC value of 60. On the other hand, the behaviour of net 
output power is parabolic in relation to the input vapor pressure to HDH-TVC. In this sense, as the input 
vapor pressure for HDH-TVC increases to 50, the net output power decreases and then increases. 

 
(a) 

 
(b) 

Figure 2: Impact of the input vapor pressure on HDH-TVC on the: (a) GOR, (b) EUF and net output power.  

4.1.1. Impact of the pressure ratio of compressors on the system 

Fig. 3 displays an alteration of the GOR, net output power, and EUF versus the pressure ratio of the 
compressors. As Fig. 3 (a) shows, the GOR of the MED subsystem remains almost constant and its value is 
equal to 6. In HDH-TVC-RO subsystem, the GOR remains constant and its value is equal to 10, similar to 
what we saw in MED subsystem. It is clear that in general the GOR of the HDH-TVC-RO subsystem is 
higher than that of the MED subsystem in the entire range of the pressure ratio of compressors. First, the 
total GOR increases with increasing pressure ratio of compressors. Its value reaches 15 at the pressure ratio 
of the compressors value of 3.7, then its value remains constant. Fig. 3 (b) shows the net output power as 
well as EUF versus pressure ratio of the compressors. The effect of pressure ratio changes on EUF is almost 
linear and the EUF is increased with increase of the pressure ratio of compressors. The EUF increases from 
3.1 to 3.55, while the pressure ratio of the compressors varies from 2.2 to 4. The behavior pattern of net 
output power with the pressure ratio of compressors change is parabolic. The net output power starts from 
4050 kW at the pressure ratio of compressors value of 2.2, and the net output power increases until it 
reaches its maximum (4250 kW) at the pressure ratio of compressors value of 3. Then the net output power 
decreases until it reaches 4125 kW at a compressor pressure ratio of 4. 



 
(a) 

 
(b) 

Figure 3: The impact of pressure ratio of compressors on the: (a) GOR, (b) EUF and net output power.  

5. Concluding remarks  
An integrated system with renewable resources is a matured solution to tackle the problems arising during 
the use of fossil fuels. On the other hand, to increase power production, SCO2 cycles can be used, which 
have higher efficiency and the ability to drive a MED system. Consequently, in the present study, in addition 
to using the MED unit, the HDH-TVC-RO unit has also been used in the configuration. In regard to that, the 
following concluding points can be drawn: 

 In the base mode, the fresh water rate, the GOR, and the EUF are 29.36 kg/s, 14.38, 3.372, 
respectively.  

 The GOR of the HDH-TVC-RO unit is 40% higher than that of the MED unit, regardless of the value of 
input vapor pressure to HDH-TVC and pressure ratio of compressors.  

 The total GOR of the developed system is constant and equal to 14.38 by changing vapor pressure to 
HDH-TVC. 

 The total GOR enhances by increasing the pressure ratio of compressors 
  The power generation process exhibits an interesting characteristic where an optimal point is reached 

when the pressure ratio of compressors is set to 3. 
 The Energy Utilization Factor (EUF) experiences a notable improvement of 13.5% as the pressure ratio 

of compressors increases from 2.25 to 4. 
 The EUF of the proposed cycle demonstrates a remarkable achievement, being nearly four times higher 

than that of previous works. 

Nomenclature 
Symbols  Subscripts and superscripts  

GT Gas turbine B Brine 

HTR High Temperature Recuperator CV Control volume 

LTR Low Temperature Recuperator da dry air 

𝑀𝐸𝐷   Multi effect desalination Dhum
 

dehumidifier 

𝑅𝑅  Recovery Ratio Eff Effect 

EUF  Energy Utilization Factor en
 

energy 

LHV  Low Heat value (𝑘𝐽. 𝑘𝑔ିଵ) F fuel 

RO  Reverse Osmosis FW freshwater 

HTR High Temperature Recuperator Hum humidifier 

LTR Low Temperature Recuperator in inlet 



GOR
 

Gained-Output-Ratio max maximum 

h
 

specific enthalpy (𝑘𝐽. 𝑘𝑔ିଵ) net net value 

RO
 

Reverse Osmosis out outlet 

�̇�
 

mass flow rate (𝑘𝑔. 𝑠ିଵ) pum pump 

N
 

Number of effects ert Energy recovery turbine 

P pressure (𝑏𝑎𝑟) s constant entropy 

S
 

Salinity (𝑔. 𝑘𝑔ିଵ) SW seawater 

s specific entropy (𝑘𝐽. 𝑘𝑔ିଵ. 𝐾ିଵ) tot total 

T temperature (𝐾) v vapor 

TTD terminal temperature difference(𝐾) w work 

�̇� power (𝑘𝑊) r rated 

�̇�
 

Heat (𝑘𝑊) rev reversible 

Greek Symbols  exp Expander 

ω humidity ratio hpp High Pressure Pump 

ε
 

Effectiveness (%)   

η Efficiency (%)   
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Abstract: 
Over time, the water shortage crisis will have irreparable effects on the lives of many organisms, including 
humans. As a small contribution to alleviate the problem, the present work presents an innovative cogeneration 
system based on solar and wind renewable energies for sustainable production of freshwater, power, and 
wastewater treatment. To produce freshwater and treat wastewater in this system, the integration of a Microbial 
Desalination Cell with a Humidification-Dehumidification and Reverse Osmosis water desalination unit has 
been used. These systems obtain the required heat from solar energy to produce freshwater, and when solar 
radiation is unable to provide this heat, a hydrogen internal combustion engine driven with wind energy is used. 
Excess heat from the internal combustion engine is fed into the organic Rankine cycle with the working fluid 
R141B to generate power, to reduce the system waste heat and to increase the efficiency. To check the 
performance of the proposed system, energy, exergy, exergeoeconomic, and exergoenvironmental (4E) 
analyses have been carried out. The results of the analysis of the integrated system show that this system can 
produce 720 kW of electricity and 5.36 m3/h of freshwater. The energy efficiency of the system is 22.09%, and 
its overall cost rate and overall environmental impact rate are 540.33 $/h and 17.37 Pts/h, respectively. 

Keywords: 
Microbial Desalination Cell (MDC); Humidification-Dehumidification (HDH); Hydrogen Internal Combustion 
Engine (HICE); Solar and wind energy; Cogeneration. 

1. Introduction 
In today's world, the crisis of freshwater scarcity has become one of the main problems that are exacerbated 
in many regions of the world due to the continuous reduction of water resources and population growth. 
According to the World Health Organization statistics [1], only 30,000 m3 of freshwater worldwide are 
accessible for human use, and the largest amount of freshwater exists as precipitation and polar ice caps in 
the North and South Poles, which are difficult to access. Producing freshwater through various methods has 
been proposed as one of the effective solutions for the optimal management of water resources. One of these 
methods is the use of cogeneration cycles for producing freshwater, wastewater treatment, and power 
generation simultaneously. In these systems, it is possible to increase efficiency and benefit from water, 
energy, and environmental resources. 
To increase the efficiency of these systems in freshwater production, the HDH (Humidification-
dehumidification) system can be used. In this system, by using air humidification and passing this air through 



 
 
a cold surface, water humidity can be recovered and fresh water can be produced [2]. Due to the lack of need 
for external energy sources and simple operation, as well as the benefits of low maintenance and capital costs, 
HDH has been proposed as an efficient method in freshwater production [3]. In this regard, zubair et al [4]. 
have investigated that the HDH desalination system integrated with solar evacuated tubes, in various locations, 
can produce freshwater in the range of 16,430 to 19,445 l with costs ranging from 0.032 to 0.038 US$ per litter. 
Furthermore, Khoshgoftar Manesh et al [5]. proposed a cycle along with HDH for the production of power, 
hydrogen, hot water, and freshwater. Their results indicate that the energy and exergy efficiencies, as well as 
the overall annual cost and environmental impacts of the system, are 23.87%, 28.21%, 0.144 kWh/$, and 
0.024 Pts/kWh, respectively. In addition, it is possible to simultaneously generate electrical power, remove salt 
from water, and treat wastewater using Microbial Desalination Cell (MDC) systems [6]. The features of MDC 
are perfectly aligned with our goals in freshwater cogeneration cycles, wastewater treatment, and power 
generation. Furthermore, to prevent energy loss and increase freshwater production, the integration of HDH 
technology with RO (Reverse Osmosis) is used. By integrating HDH and RO technologies, Ravajiri et al [7]. 
produced a total of 184.3 m3/h of freshwater. 
There are various methods available for recovering heat used in the freshwater production process. 
Khoshgoftar Manesh et al [8]. explored a recovering heat process for freshwater production in a proposed 
system based on an integrated solid oxide fuel cell-gas turbine-organic Rankine cycle-multi effect distillation 
system. The optimized hybrid system was capable of producing 5000 cubic meters of freshwater per day with 
five effects on MED-TVC. Various sources such as internal combustion engines, turbines, and solar panels 
are utilized for heat recovery. However, among them, heat recovery from internal combustion engines is one 
of the best methods for freshwater production processes, considering the simultaneous production of power 
and heat as well as the high rate of heat entry into the system by the engines [9]. In addition, various fuels 
such as gasoline, diesel, and hydrogen can be used in internal combustion engines [10]. The use of hydrogen 
in these engines results in minimal carbon dioxide emissions and minimizes its pollutants [11]. Furthermore, 
due to its high atomic energy, the use of hydrogen provides very high efficiency in heat recovery [12]. Nikitin 
et al [13]. used HICE (Hydrogen Internal Combustion Engine) in a multi-generation system based on solar and 
wind energy. The dynamic results of HICE have been reported in several different cities, showing an average 
return ranging from 21.82% to 24.76%. 
In cogeneration systems, renewable energies such as solar and wind energy can be utilized. The addition of 
these renewable energies to cogeneration systems provides numerous benefits for the cycle [14]. One of the 
greatest benefits of using renewable energies in cogeneration systems is the reduction in production costs 
[15]. These types of energies are obtained directly from nature, and the costs of fuel, maintenance, and 
installation of power and heat generation systems from these energies are much lower [16]. Moreover, the use 
of these energies leads to a reduction in environmental impacts due to the decrease in greenhouse gas 
emissions [17]. Khoshgoftar Manesh et al [18]. investigated the most important renewable energy-based 
polygeneration systems for producing fresh water using thermal desalination and membrane processes. The 
most promising options include the integration of thermal and membrane desalination technologies such as 
Multi-Stage Flash (MSF), Multi-Effect Distillation (MED), Humidification-Dehumidification (HDH), and Reverse 
Osmosis (RO). makkeh et al  [19]. in another study, investigated a combined system of solar collectors and 
wind turbines for generating power and freshwater. They reported that this configuration reduces the cost of 
freshwater production by up to 23%. 
Studies indicate that the use of various water desalination methods is essential for mitigating the water scarcity 
crisis. On the other hand, given the limitations of each water desalination method, integrating different 
desalination techniques can be effective in improving the efficiency of desalination plants. In this regard, the 
present work proposes a co-generation system for desalination, power generation, and wastewater treatment 
based on solar and wind energy. In this system, the scenario of freshwater production is evaluated for the first 
time by integrating MDC-HDH-RO. Solar energy is utilized to provide the required heat for the system. During 
possible periods of radiation reduction or at night, an internal combustion engine based on hydrogen produces 
simultaneous power and heat. Reducing engine losses and recovering its heat is essential for increasing 
efficiency, and the presence of an Organic Rankine Cycle (ORC) can greatly address this issue. In the end, 
energy, exergy, economic, and environmental analyses have been utilized in the present study to analyze the 
efficiency of using such a system from various perspectives. The innovations involved in the present work are 
as follows: 
▪ Integration of MDC-HDH-RO desalination systems has been utilized for freshwater production. 
▪ A combination of solar and wind energy has been employed to minimize the system's emissions. 
▪ A hydrogen-based internal combustion engine has been utilized to simultaneously generate power and 

heat. 
 
 



 
 
2. System description 
The present work proposes a cogeneration system based on solar and wind energy for freshwater production, 
power generation, and wastewater treatment in Tehran, Iran. Tehran city is located between 51 degrees 6 
minutes to 51 degrees 38 minutes east longitude and 35 degrees 34 minutes to 35 degrees 51 minutes north 
latitude. The average wind speed and solar radiation in Tehran are 4.5 m/s and 514.05 W/m2, respectively 
[20]. 
To produce freshwater in the current system, MDC-HDH-RO desalination units have been integrated. The 
saline water is initially introduced into the MDC and desalination using anion exchange membranes (AEM) and 
cation exchange membranes (CEM) as well as the potential difference between the cells. This process leads 
to the pre-treatment of wastewater and power generation while producing freshwater. The saline water, after 
the primary desalination by MDC, enters the Flat Plate Collectors (FPC) and receives the required heat before 
being directed to the HDH desalination unit for further freshwater production. In HDH, the air is humidified 
under standard environmental conditions and, as a result of a collision with hot water, heat, and mass transfer 
occur. Following this, some amount of saline water enters the air as humidity and is transferred to the 
dehumidifier, where it undergoes mass and heat transfer in the presence of freshwater, resulting in increased 
production of freshwater. RO integration has been utilized at the outlet of HDH to increase efficiency and 
further enhance freshwater production. 
Because solar energy varies throughout the day and to ensure stable production of fresh water, the use of an 
internal combustion engine allows for heat recovery in the freshwater production system. To reduce the 
environmental impact of ICE, hydrogen fuel has been considered for this equipment, which is produced using 
a PEM electrolyzer. 
The power consumption of the PEM electrolyzer is supplied using renewable wind energy. Furthermore, wind 
turbines are also used to supply the electricity required for RO. The remaining power produced by the wind 
turbines is injected into the grid. 
Finally, to reduce the thermal losses of the studied system, the use of an organic Rankine cycle with R141B 
as the working fluid has been considered. The proposed system is shown in Fig. 1. 
The following assumptions have been made for this system: 
▪ The system has been analyzed in a steady-state condition. 
▪ Changes in potential and kinetic energies are negligible. 
▪ The temperature, pressure, and relative humidity of Tehran city are considered to be 25℃, 1.01 bar, and 

30%, respectively. 
▪ Heat losses have been disregarded in all heat exchangers and water desalination units. 
▪ An isentropic efficiency of 85% is considered for the organic turbine and an isentropic efficiency of 80% is 

considered for the organic pump. 
▪ An isentropic efficiency of 85% is assumed for the RO pump. 
▪ The salinity concentration of the feedwater to the MDC is 35000 mg/l [6]. 
▪ Artificial wastewater containing 1000 mg/L of acetate has been used as the feed for the MDC [6]. 
▪ The HDH packings are made of polypropylene and have a specific surface area of 320 m2/m3 [21]. 
▪ Only variations in the air in the x-direction and variations in water in the z-direction have been considered 

in the HDH desalination process. 
▪ The LTW77 wind turbine model with a capacity of 1 MW has been considered [21]. 
▪ The temperature and pressure in the PEM electrolyzer are assumed to be constant at 80 ℃ and 1 bar, 

respectively [22]. 
▪ The air-to-fuel ratio for the internal combustion engine has been considered to be 34.3 [23]. 
▪ A 4-cylinder inline internal combustion engine model has been considered. 



 
 

 
Figure. 1.  Schematic of proposed cogeneration for production of desalination, power, and wastewater 
treatment based on solar and wind energy. 

3. Governing equations 
The mass and energy balance of equipment is generally calculated using the following equations [24]: 
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The concepts of m which means mass flow rate, Q which means heat transfer, and W which means exchanged 
power is used in the above equation. In Equation 2, the terms within the summation represent the energy flows 
at the inlet and outlet of the control volume, associated with the energy of the flows. Terms containing V or Z 
are considered to be zero due to neglecting the kinetic and potential energies. Also, h represents the specific 
enthalpy. It should be noted that for open systems operating under steady-state conditions, Equations 1 and 
2 can be defined in the following form: d/dt=0. However, in many pieces of equipment, it is necessary to create 
equations to improve their modelling. For example, for flat plate solar collectors, their specific surface area for 
absorbing solar energy needs to be calculated. Therefore, the heat transfer equations related to this type of 
equipment should be considered [25]. Moreover, for modelling a PEM electrolyzer, it is necessary to calculate 
the power consumption by specifying the produced hydrogen flow rate and the potential equations of this 
electrolyzer [22]. Modelling an RO desalination system requires taking into account the equations related to 
osmotic and mechanical pressure. Then, the amount of produced freshwater and the pump power consumption 
of the RO system can be calculated through the recovery ratio [26]. Continuing, for modelling an internal 
combustion engine based on hydrogen, the amount of recovered heat is calculated by knowing the engine's 
nominal power [27, 28]. Additionally, to model a wind turbine based on the wind speed of the study area, the 
equations presented in the references [19, 29] have been used. To model an MDC system, the differential 
equations presented in the reference [6] have been used. These equations consist of mass balance equations 
for substrate and microorganisms in the anode compartment, mass balance equations for salt in the 
desalination compartment, anode compartment, and cathode compartment, in addition to equations for the 
current generation, which all must be solved simultaneously. The MDC inputs have been obtained from the 
references [6, 30]. The differential equations for modelling HDH consist of heat and mass transfer equations 
for water and air in the dehumidifier and humidifier [31]. These equations must also be solved simultaneously. 
It is not entirely possible to assess the quality of energy processes in terms of reversibility. Therefore, by adding 
the concept of exergy to energy analysis, a more comprehensive view of entropy generation and evaluation of 



 
 
the irreversibility of energy processes can be obtained. Thus, exergy is defined as the useful work capacity 
and its calculation is relative to a dead reference. The overall exergy balance for all energy systems operating 
in steady-state can be defined by the following equation [32]: 
𝐸𝐸 𝑥𝑥𝑄𝑄 − 𝐸𝐸 𝑥𝑥𝑊𝑊 + ∑ 𝐸𝐸 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖

𝑖𝑖=1 − ∑ 𝐸𝐸 𝑥𝑥𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖
𝑖𝑖=1 + 𝐸𝐸 𝑥𝑥𝐷𝐷 = 0, (3) 

In the above equations, ExQ refers to thermal exergy, ExW refers to power exergy, and ExD refers to the 
destruction of exergy, which is created as a result of entropy production. The expressions within the summation 
sign correspond to the flow exergy at the input and output of exergy systems. 
Given that the capital payback period and profitability are crucial in system planning, after examining the 
energy aspects of the system, its economic aspects should also be considered. The economic balance of 
steady-state energy systems with an exergy approach is defined as follows [33]: 
𝐶𝐶𝑄𝑄 − 𝐶𝐶𝑤𝑤 + ∑ 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖

𝑖𝑖=1 ∑ 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖
𝑖𝑖=0 + 𝑍𝑍𝑘𝑘 = 0, (4) 

In the above equations, CQ means the heat cost, CW means the power cost, and Zk means the equipment 
purchase rate of the energy system, which is calculated based on references [21, 33]. 
Life cycle assessment (LCA) is a method for evaluating the environmental pollutants released during the life 
cycle of a system, from raw material extraction to transportation, construction, and disposal. In the current 
research, environmental analysis based on LCA, which is defined based on exergy analysis, has been used. 
Environmental balance is defined for systems operating in a steady state as follows [33]: 
𝐵𝐵𝑄𝑄 − 𝐵𝐵𝑤𝑤 + ∑ 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖

𝑖𝑖=1 ∑ 𝐵𝐵𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖
𝑖𝑖=0 + 𝑌𝑌𝑘𝑘 = 0, (5) 

In the above equations, BQ means the environmental impact of heat, BW means the environmental impact of 
power, and Yk means the rate of environmental impacts of energy system equipment, which can be calculated 
using the equations from references [5, 33]. In addition, the constants used in this study are as follows: a 10% 
interest rate, a maintenance factor of 1.06, a 20-year lifespan for the power plant, 3500 operating hours for 
FPC, 6000 operating hours for WT, and 8000 operating hours for other equipment [33]. It should be noted that 
for economic and environmental calculations, the investment cost and equipment weights were obtained from 
references [5, 21]. 

4. Results 
Table 1 shows the extent of the exergy destruction, costs, destruction costs, environmental impacts, and 
environmental destruction effects associated with each piece of equipment used in the proposed system. The 
results of this section indicate that exergy destruction in wind turbines is higher than in other equipment in the 
system. The reason for this is the higher power production in wind turbines compared to other equipment in 
the system. After the wind turbine, the internal combustion engine has the highest exergy destruction due to 
irreversibilities and chemical reactions within it. Regarding the cost destruction, it should be noted that the cost 
destruction associated with the internal combustion engine is calculated to be higher than other equipment 
due to the chemical reactions occurring within it. After the internal combustion engine, the PEM electrolyzer 
has the highest cost destruction. Systems that operate with renewable energy sources (WT, FPC, MDC) have 
no cost destruction. The results regarding environmental degradation are similar, with the difference that the 
heat exchanger after the internal combustion engine has the highest environmental degradation. 
In Table 2, the results of the 4E analysis of the proposed system are presented. Based on these results, the 
net power generation, cogeneration exergy efficiency, overall cost rate, and overall environmental impact rate 
of the system are 0.72 MW, 4.55%, 540.33 $/h, and 17.37 Pts/h, respectively. 
Fig. 2 represents the change in humid air temperature inside HDH desalination. In Fig. 2(a), temperature 
changes in humidification are shown. As expected, the air in contact with warmer saltwater gets hotter. The 
modelling results also demonstrate these temperature changes with an increase in the length of humidification. 
In Fig. 2(b) as well, these changes are shown for dehumidification, which operates in reverse. That means the 
temperature of the humid air decreases in the vicinity of cooler freshwater. These results are also consistent 
with the modelling. 
Fig. 3 shows the absolute humidity change of the air in the HDH desalination. The results of Fig. 3(a) indicate 
that after the air enters the device, it interacts with salty water and its absolute humidity increases. This result 
is consistent with the modelling. On the other hand, in Fig. 3(b), in the dehumidification process, water is 
absorbed from the air, which causes the air to become drier and its absolute humidity to decrease. This 
process, due to mass transfer with water, leads to the production of freshwater. 
 
 
 



 
 
Table 1.  The main result of exergy, exergoeconomic, and exergoenvironmental analysis for all components 

of the proposed system 

Component �̇�𝑬𝒙𝒙𝑫𝑫 (𝑀𝑀𝑀𝑀) �̇�𝒁 �
$
ℎ
� �̇�𝑪𝑫𝑫 �

$
ℎ
� �̇�𝒀 �

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
ℎ

� �̇�𝑩𝑫𝑫 �
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
ℎ

� 

WT 10.25 378.40 0.00 16647.37 0.00 

PEMEC 2.84 123.69 133.54 80.92 5875.12 

HICE 5.11 5.98 424.39 2.06 14091.21 

Hx 0.03 0.07 17.97 0.05 5897.87 

HRVG 0.08 0.34 53.82 0.20 1765.90 

ORCT 0.01 0.62 16.08 406.27 178.47 

ACC 0.02 0.04 -- 0.00 -- 

ORCP 0.00 0.01 0.60 0.01 21.61 

MDC 0.22 0.02 0.00 63.84 0.00 

FPC 0.99 15.28 0.00 16.77 0.00 

HDH 0.02 1.25 25.13 0.00 491.53 

RO 0.01 14.65 8.85 149.62 178.47 

Table 2.  Overall results of the analysis. 

Parameters value 

Net power generation (MW) 0.72 

Total freshwater production (m3/h) 5.36 

Cogeneration energy efficiency (%) 22.09 

Total exergy destruction (MW) 18.73 

Cogeneration exergy efficiency (%) 4.55 

Overall cost rate ($/h) 540.33 

Overall environmental impact rate (Pts/h) 17.37 

Levelized cost of electricity ($/kWh) 0.75 

Levelized environmental impact of electricity (Pts/kWh) 0.02 

Number of wind turbine 23 

Solar field area (m2) 3000 
 
 
Fig. 4 shows the change in water temperature in the HDH desalination. In humidification, considering that the 
incoming water has a higher temperature than the air, it is expected that due to the heat and mass transfer, 
the temperature of the outlet water is lower. This expectation is consistent with the results of the modelling 
shown in Fig. 4(a). In this plot, as we move upwards, the water temperature decreases. In dehumidification, 
conversely, humid air interacts with sweet water and causes the outlet water to become warmer. Therefore, it 
is expected that the outlet water has a higher temperature than the incoming water. This expectation is 
consistent with the Fig. 4(b) plot, in a way that as we move upwards in the plot, the water temperature 
increases. 
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Figure. 2.  Humid air temperature change in HDH Desalination. 
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(b) 

Figure. 3.  Absolute humidity change in HDH Desalination. 
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Figure. 4.  Water temperature change in HDH Desalination. 

 



 
 
Fig. 5 illustrates the change in water mass flow rate in HDH desalination. In humidification, the water mass 
flow rate decreases and is added to the ambient air humidity, which its variations are observable. In other 
words, as we move upwards in plot Fig. 5(a), the water mass flow rate decreases, and the humidity of the 
ambient air increases. In Fig. 5(b), these changes can be observed conversely for dehumidification. 

 
(a) 

 
(b) 

Figure. 5.  Specific water mass flow rate change in HDH Desalination. 

Fig. 6(a) displays the changes in salt concentration over time in the intermediate chamber for different initial 
salt concentrations. The results indicate that for the initial salt concentration of 35g/l, desalination was achieved 
by a considerable amount of 65.85%. In Fig. 6(b), the effect of changes in the salt solution flow rates on the 
variation of salt concentration in the intermediate chamber has been investigated. The results indicate that a 
higher percentage of desalination can be achieved by decreasing the salt solution flow rates. In other words, 
desalination has increased from 19.28% at a flow rate of 20 l/day to 77.82% at a flow rate of 0.05 l/day. 

 
(b) 

 
(a) 

Figure. 6.  The salt concentration in the desalination compartment with time for (a) different salt solution flow 
rates, (b) different initial salt concentrations (when Qsalt = 0.1 l/day). 

Fig. 7 illustrates that as the growth rate of methanogenic bacteria increases, the current generation decreases 
and ultimately experiences maximum enhancement when the rate of methanogenic production is equal to 
zero. Thus, the results confirm that methanogenic bacteria lead to a reduction in the current generation. 



 
 

 
Figure. 7.  The relationship between the current production and methanogenic growth rate. 

 
5. Conclusions 
The present work presented a cogeneration system for the production of power, freshwater, and wastewater 
treatment based on solar and wind energy. For freshwater production, the integration of MDC with HDH and 
RO systems was investigated. The required heat of the complex was combined using FPC and HICE based 
on solar and wind energy. Energy, exergy, exergeoeconomic, and exergoenvironmental (4E) analyses were 
used for the integrated system. The overall results obtained indicate that the integrated system can produce 
0.72 MW power and 5.36 m3/h freshwater. Also, the overall cost rate and overall environmental impact rate of 
the whole system were calculated as 540.33 $/h and 17.37 Pts/h, respectively. A series of other results of the 
system are as follows: 
▪ In addition to wastewater treatment and power production, the MDC has been able to reduce the 

concentration of dissolved salt in water by 20 g/kg. 
▪ The RO desalination plant has produced 1.42 kg/s of freshwater using 6 kW of power. 
▪ The highest exergy destruction is related to WT and HICE, respectively. 
▪ The most destructive of costs and destruction of environmental impacts are related to HICE. 
▪ WT has the highest production environmental impacts and the highest investment cost. 
In the end, it should be mentioned that the presented system can be used to meet the needs of greenhouses, 
industrial factories, residential areas, and military barracks. But it is necessary to examine the feasibility of 
using such a system from various aspects such as safety risk, controllability, etc. 
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Abstract:
Energy technology costs and fuel prices play a critical role in the energy transition towards carbon neutrality.
Despite its straightforwardness in comparing standalone technologies, the widely-used levelized cost of energy
(LCOE) is not able to estimate the activation condition for low-carbon technologies due to lack of systematic
assessment of the complexities in energy systems. In this study, we analyzed the impact of energy cost
uncertainties for the deployment of renewables and carbon capture technologies for Switzerland based upon
Energyscope, a systematic energy planning platform optimizing both investment and operational strategies
for electricity, heat, and mobility. The results show that carbon capture becomes competent to renewable
technologies when its cost drops below approximately 70 USD/tCO2. Furthermore, synthetic natural gas (NG)
is promising to substitute fossil NG when the import price of the latter rises to above 0.1 USD/kWh level. These
discoveries can be helpful for long-term planning, especially in the context of increasing geopolitical concerns
on energy supply security.

Keywords:
Energy system, Cost sensitivity, Long-term planning.

1. Introduction
The 2022 United Nations Climate Change Conference (COP27) in Egypt [1] highlights that the global energy
crisis, in addition to the impact of climate change, are challenging the efforts to achieve energy security. It calls
on the essence of increasing the renewables’ share in the energy mix and encourages the continued efforts
to phase out fossil fuels. As indicated by [2–4], a radical transformation of the energy sector is mandatory.
However, such rapid transition is triggering a series of social-economic concerns, especially in terms of the
transition cost, which is commonly regarded as capital-intensive [5–7]. For instance, IEA [7] claims that the
investment into clean energy should at least be doubled and triple by 2030 in the announced pledges scenario
and the net-zero emission scenario respectively, with respect to 2022 levels (i.e., USD 1.4 trillion).

With the decreasing trends of renewable costs in the last decades, as illustrated in Figure 1, it is likely that
renewable costs have already dropped below, or might become competitive to fossil energies, depending on
geographical and meteorological conditions (solar irradiation, wind speed etc.). However, it is very difficult to
predict the energy costs. On one hand, IRENA [8] emphasizes that most renewable energy technologies ben-
efit from learning-by-doing, thus allowing the decrease of their investment costs at the global scale over time.
For instance, the global capacity-weighted average total installed cost of utility-scale solar PV and onshore
wind projects in 2021 decreased by 81% and 35% respectively with respect to 2010 values. On the other
hand, IEA [7] observed that highly unpredictable exogenous events, such as the Russo-Ukrainian war, may
have dramatic consequences on the cost of energy technologies, especially resources, like natural gas (NG)
in the case of the Ukrainian conflict. Thus, taking into account learning trends while accounting for uncertainty
that may come from exogenous events is key for making plausible decisions in order to achieve energy transi-
tion towards carbon neutrality.

Across the current energy research, one common practice is using the Levelized Cost Of Energy (LCOE)
[10–12] to compare the energy costs. LCOE is calculated by the ratio of the total cost (investment and op-
erational costs) and total energy output during the lifetime of a technology. By definition, the LCOE metric
focuses only on a standalone technology, which is not able to capture the synergies and conflicts occurring
between energy technologies among the highly interconnected energy systems. As a result, the conclusion of
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Figure 1: Historical cost trends for the main renewable energy technologies. Data taken from IRENA [9]. The
costs are global-averaged data, except for the residential and commercial PV.

”cheap” or ”expensive” based upon simply comparing LCOE may become unreliable in the field of long-term
energy planning. For instance, even if the LCOE of a photovoltaic (PV) panel drops below a gas power plant,
the system may still keep using the gas, taking into account additional costs for deploying the PV such as the
storage (e.g. by battery) and backup technologies. More specifically, Hansen [13] compared the LCOE with
Energy System Analysis (ESA) for assessing the cost of integrating an energy technology into an energy sys-
tem by using the simulation model EnergyPLAN which accounts for systemic perspectives. The results show
that the two methods lead to different energy technologies priorities and confirm that the LCOE method lacks
to consider crucial systemic dimensions. Ueckerdt et al. [14] proposed a new version of LCOE, namely the
Systemic LCOE, that considers both the integration and generation costs. The results show that integration
costs may become within the same range as generation costs in the case of high wind shares, thus confirming
the possible poor reliability of LCOE without having a systemic view. Consequently, it is important to apply
system-level models with a holistic representation of the interactions of energy technologies, to analyze the
impact of energy cost variation on the energy transition.

However, the majority of energy models are based upon cost-minimization, or profit maximization assumptions.
As emphasized by Trutnevyte [15], costs are a key driver of the energy transition, but there are many others
(e.g., social impacts) that may lead to non-rational decision. For instance, the electricity system transition of UK
from 1990 to 2014 was not cost-optimized, by a 9-23% deviation according to Trutnevyte [15]. Nevertheless,
cost-optimization models such as Energyscope [16] are needed, not for exactly predicting how the future en-
ergy system will look like, but as a systemic decision-making tool for generating a series of possible scenarios
allowing for uncertainty analysis in order to evaluate potential trade-offs among heterogeneous pathways.

This work aims at unveiling the sensitivity of the future energy system as a function of the of the key energy
technologies costs within their uncertainty ranges, while accounting for the interdependence between the dif-
ferent technologies. The sensitivity of the energy system is mainly reflected by the variation of annual energy
output (in terms of GWh) for each technology. This paper is organized as below: Section 2 introduces the
methodology of our study; Next, some preliminary results are presented and analyzed in Section 3; Finally, we
summarize the major novelties of this work and possible future research direction in Section 4.

2. Methodology
2.1. Modelling framework
This research is conducted upon Energyscope, a bottom-up energy system model based on cost-optimization,
designed for decision-making in the field of energy transition. It has been originated by Moret [16] as a so-
called snapshot model. Snapshots describe an energy system at a given time mainly in terms of energy
technologies installation [MW] and utilization [GWh/year] as well as the investment and operation costs that
are associated to these. To generate those results, Energyscope is based on a Mixed-Integer Linear Program-
ming (MILP) optimization problem, that is constituted by a set of energy conversion technologies (including
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Figure 2: Scheme of the methodology

storage technologies), energy resources as well as the energy end-use demand (EUD). Each energy con-
version technology is characterized according to a: 1) reference size [MW], 2) investment cost [USD/kW], 3)
maintenance cost [USD/kW/year], 4) Global Warming Potential (GWP), 5) lifetime [year], 6) capacity factor [-],
7) minimum installed capacity [MW] and 8) maximum installed capacity [MW]. This model is working with a
monthly granularity in order to account for time-dependent parameters (e.g., EUD, solar irradiation, wind power
etc.) that are occurring over a year.

Whereas other energy system models may be proprietary, computationally expensive and only integrating the
electricity sector, Energyscope is open-source, has a small computation time (sec) due to its snapshot design
and both models the electricity, heat and mobility sectors. Its short computation time allows to use this model
for sensitivity and uncertainty analysis, which typically requires several thousands of iterations. The modelling
of the entire energy system ensures that the interactions between the different energy sectors are taken into ac-
count in the results and thus in the decision-making process. The heat sector EUD is further divided between
low temperature and high temperature heating needs, whereas the mobility sector EUD is divided between
passenger mobility [Mpkm] (itself divided between public and private mobility) and freight mobility [Mtkm] (itself
divided between road and rail freight).

The objective function of the MILP optimization problem to minimize is the system total cost, defined by Eq.
1, subject to mass and energy balances, as well as storage behaviours. The optimization variables (written in
bold), and thus the output of the model, are the energy conversion technologies installed capacities [MW] and
yearly productions [GWh/year], the centralised and decentralised heat supply shares, the public and private
mobility shares as well as the freight rail and road shares. The complete optimization problem can be found
in [16]. We added a modelling of carbon flows [17] by identifying carbon sources, carbon conversion tech-
nologies and carbon sinks. This is allowing to model a carbon circular economy within the context of a highly
interconnected energy system due to increasing deployment of biomass and carbon capture, use and storage
(CCUS) technologies.

min Ctot =
∑

j∈TECH

(Cinv(j) · τ (j) + Cmaint(j)) +
∑

i∈RES

Cop(i) (1)

where:

τ (j) =
irate(1 + irate)n(j)

(1 + irate)n(j) − 1
(2)

Cinv(j) = cinv (j) · F(j) (3)

Cmaint(j) = cmaint (j) · F(j) (4)

Cop(i) =
∑
t∈T

cop(i , t)Ft(i, t)top(i) (5)



The above equations are mainly cost-relevant formulations. More detailed mathematical framework of Ener-
gyscope is available in [17, 18]. Next, we define scenarios and vary the model inputs, in order to analyze the
corresponding variation of utilization of resources.

2.2. Scenario definition
Two scenarios are defined in this study, namely:

• Scenario (a): State-of-the-art, based upon the Swiss energy system in 2020. This implies all the model
parameters and variables, including technology costs, fuel costs, installed capacities, and energy supply,
are fixed with the real values in 2020. As the price of natural gas had a significant change before/after
the Russia-Ukraine war, we conducted a specific sensitivity analysis on the utilization of natural gas as a
function of natural gas cost.

• Scenario (b): Net-zero scenario, based upon the cost projection data (as of 2050) from a variety of
sources, such as IEA [5–7] and IRENA [19–21] databases. Built on the future energy system, we per-
form Monte Carlo simulation in order to explore how robust a net-zero emission system is against cost
uncertainty.

Based upon the definition of scenario (b), one interesting topic is to assess the competition between renew-
ables and carbon capture: both are beneficial to realize the climate target, but which condition one might be
more widely used compared to the other ? Furthermore, we analyze the simultaneous effects of both carbon
capture cost and fuel price on the energy system.

3. Preliminary results
Figure 3 shows the results for scenario (a), illustrating the variation of natural gas utilization as a function of
its price. It is observed that NG is not used anymore when the price rises above 90 USD/MWh; when the
price drops below 50 USD/MWh (critical point), it begins to be largely used, probably replaced by a massive
penetration of wind turbines, as reflected by the green line. In correspondence, the total cost of the energy
system becomes almost invariant when NG cost is above the critical point.
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Figure 3: Sensitivity of natural gas consumption (grey dots), wind energy (green dots), and system total cost
(red dots) as a function of NG price signal. Other costs are fixed to their 2020 values.



Furthermore, Fig. 4 reflects the impacts of NG price and carbon capture cost on the utilization of NG, Synthetic NG (SNG), and the total cost of the energy system in
the net-zero scenario. From Fig. 4 (a), the utilization of natural gas is highly sensitive to the carbon capture cost when NG price remains low. In the most extreme case
where the NG price is close to zero, the carbon capture cost has to be surpass 70 USD/tCO2 in order to maintain the NG utilization below 50 TWh/year. When the NG
price stays the same as of 2020, i.e., around 30 USD/MWh, a carbon capture cost close to 100 USD/tCO2 can stop the utilization of NG. In practice, these results can
be linked to carbon tax and thus conductive to defining effective energy measures.

Figure 4 (b) and (c) serve as supplementary of (a), showing the substitution of NG by SNG and the variation of the total cost of the energy system respectively. When
the natural gas cost rises above 45 USD/MWh in the condition of zero carbon capture cost, SNG becomes competitive to NG. A high carbon capture (100 USD/tCO2)
cost can even further halve the NG cost for activating SNG facilities. Finally, Fig 4 (c) reflects the corresponding maximal variation of the energy system cost is within
[−10%, 20%] range assuming the NG price staying the level 2020 and no carbon capture technologies.
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(c) Total cost

Figure 4: Sensitivity of NG and SNG utilization as well as total cost as a function of both carbon capture cost and NG price. Other costs are fixed to their 2050 value.



4. Conclusion
This study performed sensitivity analyses on the impact of cost on the energy transition, allowing for quantify-
ing the activation cost and saturation cost for different energy technologies and resources. All the results are
obtained from a system-level model instead of simply comparing the LCOE, thus improving their plausibility.
We believe these results can be easily understood by policy makers and other energy stakeholders, thus con-
tributing to rational decision making, in particular for enacting energy policies.

This paper is dedicated to sharing our research idea. A complete paper with detailed data and more results
are in preparation.
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Abstract: 

Bolivia is a developing country in South America which is slowly starting its energy transition towards more 
renewable technologies. However, at this moment, Institutions in charge of regulating, operating, and planning 
the development of the sector are still working with “black box” (or licensed) models, which are costly and less 
transparent, and are highly dependent on external expertise to formulate national plans. A proper transition 
will arguably require endogenous know-how and resources to be sustainable, affordable, and sovereign for 
the country. 
In this context, open-source energy models are increasingly used in Bolivia, mostly by academic and non-profit 
institutions. These are used to study alternative development scenarios, quantify environmental impacts and/or 
define potential techno-economic requirements.  
Previous works have focused on the development of dispatch models that analyse the stability and operation 
over short-terms and on energy-balance models to study impacts over long-term scenarios. However, while 
operation and planning aspects are somewhat covered independently, the combination of both is still missing 
(i.e. high time and spatial resolution and long-term horizon perspectives). 
To bridge this gap the PyPSA-Earth model was identified and used to derive a model specific for the Bolivian 
context using a dedicated workflow. The model is adapted to run and provide country-specific outputs 
regarding generation capacities, grid expansion and sector-specific demands, which are later compared with 
historical information to assess its accuracy and capabilities. 
Modelling results provide inputs regarding the characteristics of the tool and quantify deviations of its outputs 
compared to the Bolivian system in 2020. Based on these, it is concluded that the flexibility of the model, 
combined with its transparent structure, show great potential for implementation.  

Keywords: 

Energy modelling; Open-source; Bolivia; Energy systems; PyPSA-Earth; Developing countries. 

1. Introduction 

1.1. General context 
Energy modelling has been an extensively researched topic for several decades, particularly in the context of 
studying energy systems and their components, such as power generation systems, dispatch mechanisms, 
demand analysis, coverage, and operational capacities at the transmission and distribution levels. Because of 
this, a diverse range of models can be found in the literature and, depending on the study's focus, models can 
be classified based in several ways. The paradigm of data utilization, the solving approach, the spatial-scale, 
and the time-frame studied, among others, are examples of what this classification can be based on [1]. 

Nevertheless, even among different taxonomies, overarching objectives in energy modelling include 
enhancing the energy system's characteristics, supporting design and planning efforts, improving the 
understanding of system components and their interactions, and examining the relationships between various 
critical aspects. These aspects are mostly related to technology availability, cost reductions, environmental 

impacts, social factors, and policy implementation [2]. 

Over time, modelling tools have proliferated and evolved, primarily in industrialized/developed countries, where 
they were developed to address specific behavioural conditions and technical/operational characteristics. 
However, these models are subject to significant limitations when applied to developing countries, as they 
assume high standards of system operation, exhibit inflexibility in the parameters/factors considered, and may 
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assume data availability, all of which often conflict with the reality of developing countries [3]. Furthermore, 

these tools were initially developed as closed and proprietary systems by large institutions, which had no 
obligation or incentive to make their tools publicly available. Consequently, there is a growing need for more 
open, flexible, transparent, and accessible modelling tools [4].  

In the case of Latin America & the Caribbean, a region comprised mostly by developing countries, modelling 
requirements are driven by the region’s characteristics [5]: 

• a rapidly increasing energy demand;  

• a strong correlation between energy consumption and economic growth;  

• highly variable energy intensity consumption;  

• increasing energy production costs;  

• increasing penetration of non-flexible renewable powerplants;  

• large heterogeneity in power systems across neighboring countries;  

• the need to achieve universal access;  

• improve networks stability at transmission/distribution level;  

• dealing with outdated subsidization policies for fossil fuels. 

1.2. Previous work and modelling experience in Bolivia 
Although the energy sector has a distinct organizational structure in each country, with clearly defined actors 
and responsibilities, developing economies often lack the resources (technical, human or economic) to invest 
in their own capabilities. Bolivia is a prime example of this, as outsourced companies and tools have 
consistently been used for the formulation of planning efforts and strategic documentation [6], specifically for 
the electric sector [7]. However, due to the nature of the relation between institutions, most of the information 
provided is provided solely as results generated through black-box models and, reports that don’t provide 
insights into the tools used.  

Experience with energy modelling at the institutions in charge of the sector shows a big reliance on licensed 
tools, such as:  

• SDDP (Stochastic Dual Dynamic Programming), a unit commitment hydrothermal dispatch model 

[8], developed by the company PSR [9];  

• PowerFactory, a power system analysis model developed by DIgSILENT [10], used for studying the 

transmission network, among other uses [11];  

• HOMER (Hybrid Optimization of Multiple Energy Resources), a modelling software owned by UL 

[12], that is used to design and study small hybrid power systems (isolated communities or 

microgrids) [13].  

From a governmental and institutional perspective, outsourcing institutions for the analysis of the power 
system, with their own licensed modelling tools, can provide some advantages. For instance, that they can 
provide fast results and simplified information to decision makers, a highly trained technical team and proven 
experience. However, this practice has its downsides. First, it does not foster the development of local 
capacities in the institutions that require them, resulting in an overreliance on external know-how. Second, the 
costs of contracting external personnel, consulting companies, or acquiring licenses for private software are 
usually high. Third, planning efforts can only cover short to mid-term periods, as long-term scenarios are not 
flexible enough to be continuously and consistently adapted [14]. 

To tackle these problems, which aren’t unique for the Bolivian case, an array of new open-source modelling 
tools have started to appear as efforts from various research institutions [4]. These models, which come on a 
wide array of alternatives, are currently being used to analyse energy systems across the world and seem to 
be able to answer some relevant questions linked to the design, operation and planning of the sector [15].  

Particularly in Bolivia, open-source modelling tools have been started to be used by researchers to develop 
case studies for the electrical sector with a wide range of approaches: studying the dispatch capabilities of the 
interconnected electric system (Dispa-SET) [16]; analysing the electrification process based on grid expansion 
and microgrids for isolated communities (OnSSET - Open Source Spatial Electrification Tool) [17]; analysing 
energy demands consumption in rural communities (RAMP – Remote Areas Multi energy load Profiles 
generator) [18]; the optimization of design of microgrids (MicroGridsPy) [19]; or analysing evolution of 
investments based on policy implementation and sustainable development scenarios in the long-term 
(OSeMOSYS - Open Source energy MOdelling SYStem) [20].  
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1.3. PyPSA-Earth 
PyPSA-Earth, as many other models, has the general objective of exploring the development of energy 
systems by considering a set of techno-economic components and optimization functions. However, unlike the 
studies mentioned before, PyPSA-Earth provides a complementary look of the energy system from the power 
network perspective by analysing power flows in the system [21]. Additionally, the modelling tool can combine 
a high spatial resolution representation of the network (missing in OSeMOSYS), optimization functions for 
expansion of the system (missing in Dispa-SET) and focusing simultaneously on generation and grid 
components (missing from OnSSET) [22]. Additionally, the model’s workflow structure is designed based on 
the PyPSA-Eur model, an open model dataset for the European region and used for operational and 
transmission expansion studies [23].  

Both PyPSA-Eur and PyPSA-Earth are derived from PyPSA (Python for Power System Analysis), an open-
source modelling framework tool designed for simulating and optimizing power systems focusing on the 
physics of the power flows over multiple periods (typically a full year) and optimizing the total system costs 
given techno-economic characteristics and constraints of its components [24]. 

PyPSA’s structure considers a representation of power systems based on nodes, which correspond to buses 
or network elements (generators, loads, and transformers), and edges, which represent transmission lines or 
cables. The network is described using a linear and nonlinear equations, including Kirchhoff's laws, Ohm's law, 
and the power flow equations. These equations are used, using numerical optimization techniques such as 
Newton-Raphson or interior-point methods, to obtain the steady-state operating conditions of the system. 
PyPSA also includes a range of optimization algorithms for capacity expansion planning, unit commitment, 
and optimal power flow, which are used to optimize the system's economic and environmental performance 
under different scenarios and constraints [24]. 

The PyPSA-Earth model (previously PyPSA meets Africa) has been tested for Africa and a country-specific 
case, achieving close representations of the system compared to information available on international sources 
such as the World Bank (networks), Open Street Maps (substations and generation), IRENA (renewable 
resources) and Our World in Data (energy dispatched), among others [22]. In this sense, although the PyPSA-
Earth tool has been proven valuable, its potential for implementation is still to be fully exploited due to its 
novelty and need for validation in other countries and regions. Because of this, and the fact that no open-
source models haven’t been used to analyse the Bolivian power network, the opportunity of testing a 
complementary tool for already existing models and efforts is worth being explored. 

1.3. Aim of the paper 
While the experiences presented are a good first step in addressing the national necessities for understanding 
and representing Bolivia's energy sector, the models used must be further developed and validated to ensure 
they can accurately represent national conditions. This, coupled with a continuous process of exploring new 
complementary tools, could eventually make the country self-sufficient in terms of know-how and analysis 
capabilities in the long-term. 

One particular gap identified in the existing modelling toolkit developed for Bolivia is the lack of a model that 
focuses on network representation and expansion. Therefore, the present work aims to address this gap by 
deriving a country-specific model for Bolivia's power network from PyPSA-Earth, a new open-source modelling 
tool, and analyse its potential for application, explore requirements for guarantying future work, and identify 
possibilities for further contribution. 

2. Methodology and calculations 
Given the open-source characteristics of the model information required for running the model for particular 
cases is available online, in their github repository and their documentation webpage [25]. Using this 
information and the current version of the model, the following methodology was applied to derive a model for 
Bolivia based on PyPSA-Earth: 

1. Workflow adaptation: The existing workflow framework for PyPSA-Earth was configured so that scripts 

and parameters are capable of running a “testing” version of the Bolivian case with its corresponding 

country-specific conditions. 

2. Consistency analysis: In order to assess the accuracy of the model, an optimization scenario is run for 

the year 2020. This scenario considered variations of relevant parameters such as the number of 

buses/clusters considered or the time aggregation periods. Results from the optimization process and 

intermediate stages of the workflow, focused mostly in the representation of networks, generators and 

energy produced, are later compared with national historical data for the same year. 
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3. Identification of model’s potential and development opportunities: Based on the results obtained in the 

previous step, a more in-depth analysis is conducted to explore future usage and implementation of 

the model for the Bolivian case, as well as opportunities for further development of the tool and 

contribution opportunities to enrich the code. 

2.1. Case Study: The Bolivian energy system 
Bolivia has undergone significant changes in the development of its energy/electricity system over the years. 
The Electricity Law of 1994 transferred state-owned companies to the private sector through a process called 
"capitalization." Prior to this, approximately 70% of electricity came from hydroelectric sources. The law aimed 
to promote intensive use of natural gas as the primary energy source for electricity generation, as large 
volumes of Natural Gas (NG) were unused at the time, by establishing a special price for NG used for electricity 
generation, below international prices [26]. Ever since, low natural gas prices have effectively blocked the 
development of new hydroelectric and renewable energy in the country, changing the situation so that by 2006, 
70% of the generation was generated by NG thermal plants [27]. 

In 2006, with the arrival of a new left government, the energy policy changed. The electricity sector, along with 
the hydrocarbon sector, was nationalized, and the National Electricity Company (ENDE) was restructured into 
a vertically integrated corporation, a "national strategic and corporate public company" [28]. ENDE now has 
12 subsidiary companies. ENDE, together with the CNDC (National Committee for Charge Dispatch), as the 
main coordinator for power dispatch, and AETN (Supervision Authority for Electricity and Nuclear Technology), 
as the main entity in charge of regulating the electric system, have been stablished as the key institutions that 
manage the large majority of the electric system in Bolivia [29].  

In the last ten years, there have been three notable developments: the creation of the Vice Ministry of Electricity 
and Alternative Energies (VMEEA), the approval of a Policy on Alternative Energies for the Electricity Sector 
[30], and the installation of photovoltaic parks and wind farms for larger populations. These, together with 
newly published documents like the its national development plan (PDES 2021-2025) [31] or the updated NDC 
(Nationally Determined Contributions) [32], demonstrate the government's willingness to shift the previous 
paradigm regarding renewable technologies and incorporate them into the electricity sector. In both documents 
expressed goals are mentioned in which the country should achieve over 75% participation of renewable 
technologies in its electric system by 2030.  

In 2020 Bolivia's National Interconnected System (SIN) recorded a capacity of 3,228.61 MW in its generation 
mixed and total production of 8,897.3 MWh [33], with conventional thermal plants (NG) being the main 
contributor with 63.3% of the share, followed by hydroelectric providing 32.3%, and a combination of solar, 
wind, and biomass power plants for the rest [34]. Currently, the installed capacity in the country is twice the 
amount required due to large efforts to expand and develop the power generation system to open a potential 
offer of electric energy to neighboring countries. 

Finally, according to the 2020 yearly memoires of the sector’s national institutions, Bolivia’s power network 
was composed of high voltage transmission lines operating at 230, 115 and 69 kV, with an accumulated 
amount of 94 substations and 6340 km of powerlines across the SIN, in 8 of the 9 departments of the country 
[35]. In the generation aspect, 36 power plants, each with several generation units, are currently being 
operated [36].  

2.2. PyPSA-Earth’s Workflow for the Bolivian case 
The general structure of PyPSA-Earth is comprised by a workflow with the following main stages: Automated 
data retrieval from open-source data bases (downloading data for the pre-defined case); data pre-processing 
and inputs generation (specific data filtering processes used for representative variables); base network 
generation (inputs are used to create a network model with PyPSA); network optimization for given conditions 
(solving the desired problem). Following these steps, a post-processing stage is required, in which results have 
to be explored [37]. While these stages of the workflow can be straightforward, several internal/intermediate 
processes are considered in each step, amassing to over 20 specific python scripts that deal with each of the 
tasks required to run the model. The automated handling of these tasks is done with the use of Snakemake, a 
workflow management tool [38].  

Depending on the configuration of the model, what commands are run and their interdependency, rules can 
be considered or ignored by snakemake. This configuration of the model/simulation is made on an specific file 
(config.yaml) that works as the main framework definition section, which enables which rules are to be taken 
into account as well as global parameters considered in the model: number of clusters/buses used to simplify 
the model, optimizing the network based costs and/or line’s volume, emission limits, time resolution and others. 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 
While the PyPSA-Earth model can run easily with a predefined configuration, it is a relatively general model, 
which needs to be enriched when “zooming” on a particular country. To optimize processing times between 
runs, a testing-version is set-up considering most of the default configurations, half a year period analysis, 10 
clusters to aggregate information of the system and time steps of 8 hours.  

After an adaptation process, a running version of the model was achieved for which the case-specific workflow 
for Bolivia is represented in Figure. 1. Additionally, the following changes represent the biggest modifications 
required to create an operative case for similar countries in the region: 

• Specific weather data for South America was considered during the extraction process of online 

repositories (Copernicus Climate Data Store) [39]. 

• Landcover data retrieved from the predefined data bundle has been manually replaced by landcover 

maps for the South America (ProtectedPlanet) [40]. 

• Offshore wind turbines have not been taken into account in the model to facilitate the execution of the 

workflow during the creation of renewable availability profiles for offshore wind resources, because of 

Bolivia’s condition as a landlocked country. 

 

 

Figure. 1.  Case-Specific workflow considered for Bolivia based on PyPSA-Earth. 

For the sake of transparency and following the good practice of open-source modelling, a version control of 
the model can be found on a github repository: https://github.com/carlosfv92/pypsa-earth-BO, where relevant 
files, details of changes made on scripts and steps taken to run the Bolivian case are available. 

https://github.com/carlosfv92/pypsa-earth-BO
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2.3. Validation scenarios  
Given the characteristics of the model, simulations use a predefined set of data sources to extract bundles of 
georeferenced information for a given country/region. Information extracted from these sources, combined with 
some precalculated datasets, allows the workflow to generate the databases required for creating the base 
network and optimizing its expansion. A list of the most relevant sources and the information they provide is 
available in Table.1. 

Table. 1.  Relevant data sources for the PyPSA-Earth workflow. 

 

Source Information extracted 

Open Street Maps [41] Network topology and components 
Copernicus Climate Change Service [42] Climate and weather data 
HydroSHEDS [43] Environmental variables 
DRYAD [44] Economic parameters 
Shared Socioeconomic Pathways [45] Global energy demand projections  
  

 

After the model is setup for the Bolivian case a validation scenario is considered to study the outputs that can 
be obtained with the model, taken into account the following characteristics: 

• Optimization of the system based on operational costs  

• Operation of an entire trial year (2020)  

• Time aggregation of 6 hours 

• Non existing practical upper limit for emissions 

• No restriction regarding the usage of emitting or renewable technologies 

• Weather data based on historical information (year 2013) 

• Default data sources from online repositories 

To have a general grasp of the model’s capabilities the analysis on results was focused on three aspects: 
network representation, powerplants installed capacity and energy demand coverage. For the first case, a 
major focus is given to how the model recognizes and processes available information regarding substations 
and transmission lines by modifying clustering values in the configuration and running different cases to 
compare them to with the existing Bolivian grid. For the second and third case, using a 4-node clustered 
version of the network, the optimized installed capacities and energy production are revised and compared to 
the existing operational conditions of the power system. 

3. Results and discussion 

3.1. Bolivia’s transmission network simulation 
To compare the capacities of the model to properly represent the Bolivian network in 2020, the model was run 
with different clustering objectives. Utilizing the plotting functions of networks generated with the PyPSA 
package and the intermediate results from the workflow, it’s possible to explore different states and conditions 
of the system.  

Some examples of what can be analysed are: The base network that the model creates after downloading and 
filtering default data, which assumes the totality of “usable” data, meaning properly georeferenced, defined 
and tagged elements (lines, substations and generators); Clustered networks created based on the defined 
number of buses that are given to simplify the network and the rest of characteristics of the model structure; 
The optimized network, which results from the final stage of solving the objective function of the system and 
can include additional or complementary elements in the buses, depending on the technical capacities of the 
system and their costs.  
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Figure. 2.  Network recognition and clustering for Bolivia based on PyPSA-Earth: a) Bolivian transmission 
network in 2015 according to sectorial development plan [6]; b) Representation of the base network and lines 

pre-simplification and optimization; c) 4-node optimized version of the Bolivian network; d) 10-node 
optimized version of the Bolivian network; e) 37-node optimized version of the Bolivian network; f) 37-node 

optimized version of the Bolivian network with forced augmentation of powerlines. 

A mix of these different cases, and the way they graphically represent the network, is available in Figure. 2.  
When comparing the real network in 2015 (a) with what is available from online repositories (b), it can be seen 
that most of the network’s elements are considered and most of the relevant characteristics can be found in 
both cases like the connection rings in the south and central parts of the STI (Backbone Network System), as 
well as most of its 69, 115 and 230 kV lines. When the model is later clustered and optimized to a four node 
simplification (c), results are consistent with the 4-zone aggregation that the Bolivian network uses in their 
planning efforts: the southern area, central area, oriental area and northern area [29]. This representation, 
even though simplified, provides an overall good understanding of how the energy is used in the country and 
has already being used in previous studies focused on dispatch to simulate the Bolivian system [16]. 

After this minimal clustering, increasing numbers of nodes in the system are run (d), however, a limit was found 
at 37 nodes (e). This limit of nodes representation is derived by the simplification process of the available data 
into the base network used by PyPSA-Earth before the optimization, which aggregates the system considering 
only high-voltage components of the system (recognizing only 37 usable points to represent buses).  

Because of this same reason, only lines above 30 kV are considered in the analysis, dropping several of the 
lower voltage lines, which leads to the assumption of several nodes as isolated from the rest of the grid. While 
this condition might seem problematic, it is important to take into account the scale for which PyPSA-Earth 
was created (regional and international analysis), therefore high voltage lines were given priority [22]. In this 
sense, this would represent a great opportunity for future work, given that if the scope/array of lines considered 
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is modified, this could help study and represent potential integration strategies for isolated communities, which 
is a major focus according to national policies [32]. 

Finally, an alternative way to impose the model to consider power flows between nodes can be achieved by 
forcing the optimization to include a minimum number of interconnections to allow a better representation (f). 
However, the forced creation of new networks would already represent predefined discrepancies that could 
affect the rest of the analysis, especially when comparing historical years. 

To avoid the creation of isolated nodes and avoid forcing the model to create already existing lines, the 4-
nodes representation is used for the rest of the analysis, and, even though this configuration provides a 
simplified version of the network, it can still be comparable to “existing” conditions. 

3.2. Energy demand aggregation and simulated installed capacities 
Results from the optimization of the system with the 4-node clustering configuration of the system, show an 
expected energy demand of 7,558.73 GWh for the entire year, distributing it as shown in Figure. 3. These 
results are in agreement with the total historical energy demand in Bolivia in 2020, according to the Bolivian 
authorities [29], presenting a discrepancy of 13.5%. Regarding the distribution of energy demands, the 
representation of the areas in the model is properly encapsulated, showing the same pattern of aggregation 
of energy consumption in the buses as the one provided in official documentation of the country, with the 
biggest outlier being the oriental area, having a deviation of 25.2% between the modelled data and the 
historical values. 

 

 

Figure. 3.  Comparison of estimated energy demand by node in the model and registered energy demand in 
Bolivia for the year 2020. 

These differences can be explained by the use of aggregated data at a global scale, which assume average 
growth trends in different scenarios but not at regional or country specific cases [45]. Bolivia in particular, 
seems a very atypical country due to a large period of sustained economic growth since 2010, where its GDP 
has had an average yearly value of over 3.5% [46]. This value is significantly larger than what was registered 
in the rest of the Latin-American region, with and average growth of lower than 2% in the last 10 years [47]. 
However, making data closer to historical values can be somewhat addressed in the model by adapting some 
sections in the configuration file. These changes should allow to increase the scaling factor of the referential 
time series data, by modifying data files used by the model or by including an additional section on the workflow 
for using country specific trends. 

On the other hand, the analysis of installed capacity and its optimization shows structural discrepancies 
regarding the information used. Table. 2. Presents the details of the composition of the available powerplants 
according to the model and online data sources (Available capacity), the optimized values to cover the 2020 
demands (Optimized capacity), as well as the actual data registered for 2020 in Bolivia (Real capacity): 
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Table. 2.  Modelling results for the installed capacities in the Bolivian power system for 2020. 

 

Carrier Available capacity  Optimized capacity Real capacity (2020) 
 [MW] [MW] [MW] 

OCGT 914.34 1099.40 1029.05 
CCGT - - 1239.83 
Oil 33.99 33.99 31.58 
Onwind 25.52 25.52 27.00 
Ror 344.00 344.00 - 
Res - - 734.83 
Solar 119.22 119.22 115.07 
Biomass - - 51.25 

Total 1437.07 1622.13 3228.61 

 

Results regarding power generation show that the automated workflow using online data sources 
underestimates the existing capacities in the model in the year 2020. This is clear when comparing the total 
Available capacity with the total Real capacity, which is almost twice the value that online data sources take 
into account. Additionally, other relevant characteristics regarding how technologies are defined in the model 
can be found, compared to historical information from the national entities:  

1) All the NG turbines are considered only as Open Cycle Gas Turbines (OCGT), which is not currently 

the case, given that several units and centrals are currently operating in the system with Combined 

Cycles (CCGT);  

2) Hydropower in the Bolivian case is mostly composed by small reservoir units (Res), however, all 

available hydro units are recognized as run-off river powerplants (Ror) in PyPSA-Earth;  

3) While not critically significant in terms of capacity, biomass powerplants (Biomass) are not being taken 

into account in the model, when in reality there is a small installed capacity available.  

These discrepancies can be explained by two reasons. The first one being that, for older powerplants, 
information might not be fully or properly updated in the online data sources like Open Street Maps or 
PowePlantMatching. This is consistent with the fact that newer plants such as solar or onshore wind (Onwind) 
are accounted for, while large capacities in the other cases (thermal and hydro) are absent. The second reason 
would be the lack of proper tagging in the newer centrals, which have been created as expansions from other 
plants or where several units have been adapted or have grown over time.  

Clear examples of these two cases are powerplants with two phases but the same name, like the hydro centrals 
San Jose 1 & San Jose 2, or the OCGT in Warnes, which were converted into CCGT with additional installed 
capacities [29]. Both of these issues can be sorted out by considering a country-specific set of data to replace 
the one generated by the model, however, while this functionality is currently available, there are some 
mismatching problems that have to be tuned to properly be used.  

Finally, when analyzing the optimized capacities proposed by the model to cover power demands in the 
system, values are quite similar to the historical peak capacity covered in Bolivia, with a value of 1,565,80 MW 
[34]. This would mean that, while the mix of powerplants used by the model can vary between optimized and 
historical values, its capacity to optimize the system in order to cover future demands operates properly. The 
main reason for this variation is that the model does not have the same initial generation (legacy) capacities 
available in order to operate them, and the current over capacity installed in Bolivia [35], which was enforced 
mostly due to political reasons rather than technical requirements. 

4. Conclusions and future work 
Open-source tools are a valuable asset for countries and institutions immersed in energy system modelling. 
While this topic has been historically worked and developed by private entities and their own private tools, with 
their current growth, it can be expected that open-source models will eventually be able to replace 
licensed/black-box software used in energy system modelling.  

A key example of this type of tools is PyPSA-Earth, a modelling tool that was developed within an open and 
transparent framework that allow its developers (and users) to generate simplified representation of the power 
system network of regions or countries in the world. Some of the novelties of this modelling tool are the 
integration of georeferenced information into the power flow analysis, the use of predefined online data 
sources, an optimization approach linked to the operation of the power system and the use of a detailed time 
resolution. 
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In this sense, the model was adapted to run the country-specific case of Bolivia for the year 2020 and it outputs 
were later compared to historical data to assess the capabilities of the model. Results show a high potential 
for its implementation in the future given that its scope and results are complementary to already developed 
tools. This would help filling gaps in the modelling requirements and capabilities for a better comprehension of 
the country’s power system.  

However, it is also important to address that the work done here is an introductory process to study the 
capabilities and conditions of the tool in order to assess its applicability in developing countries, with Bolivia 
being only a case study. Aside of the previous results obtained, several additional, configurations and outputs 
should also be explored in future work. These aspects are mostly linked to fine tuning of the model in order to 
allow the change of certain default data files to local-based information in order to improve the capabilities of 
the tool to represent country-specific cases in a manner closer to reality. 

In parallel, particularities of the model’s capabilities found in this work should be followed through and 
developed. For instance, adapting the model to include and focus on additional high voltage lines (voltage 
levels of 69 and 115 kV for example), would represent a relevant change in the tool and a potential big 
contribution to the PyPSA-Earth model. Doing this would allow the model to better represent smaller scale 
systems, as it is not possible to make the assumption that the grids behave or have the same topology as the 
ones in developed countries 

Another example would be to update or further develop the process and adaptations required in the model to 
use customized data sets of information regarding generators and alternative energy demand projections. Both 
of these would allow the model to increase the flexibility of PyPSA-Earth by improving its capacities to work in 
countries with less reliable data in the online sources.  

Finally, another potential aspect to exploit in future work would be to develop feedback loop processes between 
modelling tools developers, users with detailed information and online data providers. This would allow to 
improve capacities on all fronts at the same time as promoting the open-source philosophy, enhance 
contribution among researchers and transparency between users of the model and its results. 
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SDDP Stochastic Dual Dynamic Programming 

HOMER Hybrid Optimization of Multiple Energy Resources 

OnSSET  Open Source Spatial Electrification Tool 

RAMP Remote Areas Multi energy load Profiles generator 

OSeMOSYS  Open Source energy MOdelling SYStem 

PyPSA Python for Power System Analysis 

NG Natural Gas 

ENDE Empresa Nacional De Electricidad (National Electricity Company) 

CNDC  Comite Nacional de Despacho de Carga (National Committee for Charge Dispatch) 

AETN  Autoridad de Fiscalización de Electricidad y Tecnología Nuclear (Supervision Authority for 
Electricity and Nuclear Technology) 

VMEEA Viceministerio de Electricidad y Energias Alternativas (Vice Ministry of Electricity and 
Alternative Energies) 

SIN Sistema Interconectado Nacional (National Interconnected System) 

STI  Sistema Troncal de Interconexion (Backbone Network System) 

OCGT Open Cycle Gas Turbines 

CCGT Combined Cycle Gas Turbines 

Ror Run-off river powerplants 

Res Reservoir 

Onwind Onshore wind 
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Abstract:
Efforts in the energy planning department are required to achieve the target levels of renewable energy pen-
etration and electricity demand in the European Union. Mean-variance analysis is commonly used to identify
the optimal deployment of variable renewable energy sources. By using it, we can determine the most effective
ways to increase renewable energy penetration and minimise supply risks through varying spatial and tech-
nological deployments. In this study, we investigate the effectiveness of optimising capacities at the scale of
climate data grid points, rather than administrative regions, which is a common approach due to data availabil-
ity and computation costs. We find that a finer description of climate resources and variable renewable energy
capacity factors results in a better exploitation of complementarities and offers increased degrees of freedom in
optimisation. Our analysis reveals that better describing local conditions results in two advantages over lower
resolution approaches: higher average capacity factors and generation combinations with lower covariances.
Additionally, we find that higher resolution approaches significantly reduce variability in daily and annual cli-
mate frequencies in renewable generation under the optimal scenario. These results highlight the importance
of accounting for detailed climate information when identifying optimal renewable deployment scenarios and
can provide valuable support for stakeholders and policy makers in making sustainable commitments.

Keywords:
Climate energy assessment model; High-resolution energy modeling; Mean-variance analysis; Renewable
energy system planning; Spatial resolution.

1. Introduction
The shift towards low-carbon energy systems is a current and future challenge, with the EU setting goals for
decarbonization by 2050 [1]. In turn, each country must establish specific measures to achieve these goals.
In Spain, there are multidisciplinary plans in place to mitigate climate change [2] and promote renewable
energy [3], which emphasize the need for research and the installation of new renewable energy sources,
while also recognizing the challenges associated with integrating them into the electricity system.
Solar photovoltaic (PV) and wind energy are the main variable renewable energy (VRE) sources driving the
transition towards a highly renewable future, aiming to cover half of the Spanish energy demand due to their
improving technology and decreasing costs [4,5]. Spain has seen a significant increase in the installed capacity
(IC) of these sources in recent years, with a 156% increase in PV and a 17% increase in wind IC from the end of
2018 to the end of 2020, compared to only a 1% increase in the previous five years for both technologies [6–8].
By the year 2020, the two sources combined reached a mean penetration level of 30%, and installations are
planned to grow even further.
While solar radiation and wind drive the energy generation by PV cells and wind turbines, several factors
other than the generation potential are involved in planning these installations, including capital and operation
costs. Classical approximations follow atlas-derived average capacity factors to estimate the levelized costs
of energy for a given technology and location. However, these factors fail to account for the risk posed by the
intermittent nature of the resource and the complementarity between different components of the system. This
consideration should not be ignored, as taking advantage of the complementarity of the system is crucial in
order to minimize electricity supply risks and meet the demand [9,10]
To ensure renewable energy systems meet certain requirements, optimization methods are commonly used,
but the many factors that can vary from one optimization to another emphasize the importance of configuration
in planning renewable energy deployment [11] These factors can include constraints, time span, optimization
method, and region. In this article, we apply a common approach to optimize the deployment of VRE sources
by simultaneously maximizing the mean and minimizing the variance through modifications to the spatial distri-
bution of IC for each VRE source. This straightforward method helps us identify the scenarios with the lowest
variance, which serves as a proxy for supply risk, for a given level of penetration and provides optimal scenarios
for multiple penetration levels.



The way generation and demand data are processed and represented is key when applying mean-variance
analysis or similar portfolio-based methods. Some studies (e.g. [12, 13]) use regionally aggregated electricity
and climatic data in conjunction with portfolio theory to optimize the deployment of VRE across countries
or large regions, by using various metrics. However, these results only provide information about optimal
deployment for very large areas and do not offer guidance on specific installation locations within those areas.
Another approach [14] consists on fixing the total regional IC through an optimization, and then identifying
possible deployment locations within each region. This specific allocation of VRE sources uses criteria such
as climatic potential and socioeconomic constraints. However, this type of methods could follow initial large-
scale distributions that are made under possibly non-representative average conditions.
The process of aggregating different renewable energy generation sites and technologies can lead to a smooth-
ing effect on the generation curve. However, there are alternative approaches to optimization that do not rely
on this aggregation, such as using grid-based models or considering existing generation farms as installation
points [15, 16]. Despite the more precise description of the system of these methods, they are quite uncom-
mon in the literature [17]. Additionally, obtaining high-resolution data on electricity generation and demand
can be challenging, particularly at very high resolutions where the network topology becomes relevant. Nev-
ertheless, the resolution used for optimization is crucial, especially when dealing with highly heterogeneous
regions [18,19].
There is limited research on how different spatial aggregation approaches impact the optimization of renewable
energy deployment. Previous studies have looked at a specific form of aggregation, but have not specifically
investigated the effects of changes in resolution on the optimal solutions. More extensive research [17] has
been done on optimization models, methodologies, and constraints, but there are still no clear answers to the
challenges that arise with different levels of resolution.
This article builds upon previous research [20] that investigated the impact of spatial granularity or resolution
on renewable energy deployment optimization. However, instead of using administrative regions, this study
explores the effects of arbitrary divisions of space on the optimization results, representative of changing reso-
lution. Through a thorough analysis of experiments at varying levels of resolution, we observe the mechanisms
that occur as resolution increases and interpret them in relation to the simplifications and underlying drivers of
the renewable energy system.
This article is structured as follows: section 2. gives an overview of the methods and data used, section 3.
shows and discusses the main results, and finally section 4. summarizes the main conclusions derived from
this study.

2. Methods and data
When it comes to implementing renewable energy sources while guaranteeing a stable supply to the network,
the challenge can be reduced to a bi-objective optimization problem. This problem involves maximizing the
penetration of renewable sources while minimizing the risks of supply failure. To solve this problem, a mean-
variance optimization scheme can be used, where the risk is considered as the square root of variance. The
resulting set of optimal solutions defines a Pareto front, which represents the minimum variance/risk squared
for a fixed mean. In order to optimize renewable energy deployment, the decision variable is the vector of
installed capacities of PV and wind at each location, and each location is associated with a specific capacity
factor for renewable energy generation. The capacity factor quantifies the percentage of the potential maximum
technical production that is actually generated over a period of time. The national demand is also considered,
as the primary objective is to determine the optimal generation curve that best matches the demand and its
fluctuations, rather than targeting an average specific level of generation.
To optimize the deployment of renewable energy sources, the ratio of national hourly VRE generation to na-
tional hourly demand is defined as hourly. However, the model does not constrain the adequacy between
generation and demand. This is because the purpose of the mean-variance analysis is to prevent the need to
model non-VRE producers that would also contribute to meeting the demand. The mean penetration is then
defined as the time average of the hourly penetration series, and risk is defined as its standard deviation. The
only constraint set to the capacities is to be non-negative.
We use the e4clim model [21] as our tool, with the consideration of predictable and unpredictable risk [22].
We use ERA5 [23] as the climatic data source, also functioning as out highest resolution grid, and include a
nation-wide calibration of generation and demand with electricity data from Red Eléctrica de España (REE).
ERA5 has an effective spatial resolution of around 25 km at the latitudes of mainland Spain, with an hourly
time step (see Fig. 1a for a reference on the grid and the administrative regions considered). We perform this
experiment over a 7-year period with overlapping electricity and climate data, ranging from the years 2014 to
2020. We take the electricity mix at the end of 2020 as a reference, establishing a reference mean penetration
of 30%.



We conducted a series of experiments to investigate how the spatial resolution affects the identification of
optimal scenarios for renewable energy deployment. Instead of using traditional administrative regions, we
created evenly divided artificial regions across the domain, ranging from the full climatic grid resolution to just
four total regions. It should be noted that by considering the regions approach, we assume each of them to
be homogeneous and capacity to be evenly distributed. We gradually decrease the resolution of the model by
aggregating grid points into larger regions (averaging capacity factors and summing installed capacities) and
analyze the impact on optimization results. We then compute a Pareto front for each level of resolution. As
the resolution of the model increases, so does the ratio of penetration-risk in the system, resulting in steeper
Pareto front slopes (Fig. 1b for the fronts using the whole grid and the administrative regions).

Figure 1: Reference for the administrative regions and full climatic grid approaches in the map (a) and
penetration-risk diagram (b). The map (a) shows the full climatic grid over the administrative regions over
which they are commonly aggregated. The penetration-risk diagram (b) presents the Pareto fronts for the ap-
proaches with administrative regions (blue) and the climatic grid (orange), and for the asymptotic Pareto front
(black). The grey dot indicates the location of the 2020 mix.

The Pareto front for each of these experiments is linear in the mean penetration-risk space (fig. 1b). For
an arbitrary fixed level of penetration, a minimization of the risk returns the associated capacity distributions
for PV and wind. Changing the level of penetration simply introduces a scaling factor to these distributions,
which remain the same in relative terms. Therefore, the slope of the Pareto front is constant for each specific
resolution, and defines what we call the penetration-risk ratio (PRR).

3. Results and discussion
On a first analysis, we observe that as the resolution of the model increases, there is a corresponding increase
in the PRR, with the highest ratio marked by the scenario that uses the full climatic grid. Since the system is
powered by climate resources, the extent to which this ratio can increase is limited by the degree to which these
resources match the demand. This bounded, increasing behavior indicates the existence of an asymptotic
Pareto front, which represents an intrinsic property of the climate driving the system. In this case, ”intrinsic”
implies that it is not influenced by the resolution used in the optimization, but it may be affected by the resolution
of the climate model used, or the nature of the climate and electricity data that was introduced into the model.
The evolution of the PRR (Fig. 2a) shows a very steep increase at low resolutions, implying that small incre-
ments in resolution bring large improvements to the optimization, as the precision in the description of climatic
features drastically increases. Once a certain level of resolution is reached, virtually no information is added
with increasing resolution because the large climatic modes are already mostly represented, and therefore the
PRR practically stabilizes. This implies that the majority of information added at such high resolutions is either
redundant, insignificant in relation to the big signals already described, or lacks further resolution from the
climatic data. In order to include an analytical dimension that allows us to diagnose the asymptotic behavior of
the PRR, we propose a parameterized curve to fit:

PRR(N) = a +
b

N − c
(1)



where N is the number of spatial divisions over the domain, and representative of the resolution, given that
the domain remains unchanged. a, b, and c are parameters to be fitted by the known values of PRR and N
at varying resolutions. By definition, the asymptotic Pareto front has the largest PRR possible (as N → ∞),
which takes the value of a = 2.22, and would return lower risk for any level of penetration (or higher penetration
for any level of risk) than any other possible configuration with a lower resolution (see Fig. 1a). This value
describes the best optimal configuration that could exist under the climate conditions as described by ERA5,
but changes in the climatic resolution would not necessarily identify the exact same value.
However, we are not interested only in the asymptotic behavior of the PRR, but in the specific impacts on
the optimization of a changing resolution. A first approach is to analyze the total installed capacity for each
technology at the 30% penetration level and how they change with resolution (Fig. 2b). At low resolutions, high
amounts of capacity are needed to reach a fixed level of penetration, even though they produce higher levels
of risk. In a directly opposite behavior to the PRR, the capacity necessary to reach a fixed level of penetration
decreases with increasing resolution, reaching a similarly asymptote-like behavior on the lowest necessary
capacity to install. This behavior stems from the underlying assumption of homogeneity and even installation
that is made in the consideration of regions. Since no additional information is given on the specific locations of
installations, it is likely that they fall on suboptimal regions within the area, since the optimization used regional
divisions. Through this effect, it is also illustrated that considering low resolution aggregated regions can in turn
lead to an overestimation of the necessary capacity by nearly 100%, as the decisions on capacity installation
are not accounting for the actual climatic potential.

Figure 2: Change with the number of regions of the penetration-risk ratio (a) and total installed capacity per
technology at the 30% mean penetration level (b). In (a), the penetration-risk ratio for each number of regions
is indicated by a grey dot, the fitting of the points is shown by the solid black line, with the dashed grey line
indicating the asymptotic value. The equation for the black line is annotated in the graph, with N the number
of regions. For the evolution of capacity (b), the blue triangles indicate the wind capacity, and the orange stars
represent the PV installed capacity.

The overestimation of the total installed capacity is an issue that appears in the general vision of the results and
that can stem from different causes linked to resolution. In addition to the impacts on total required installed
capacity, resolution may also play a role on the spatial distribution of optimal scenarios, which would reveal
a significant degrading effect of the regional averaging of the climatic source on the optimization results. An
effective method to analyze the spatial dispersion of these distributions is to count the regions with installed
capacity exceeding a certain threshold.
Upon analyzing the number of regions with installed capacity exceeding 100 MW at the 30% penetration
level, we identify two differentiated behaviors for PV and wind. PV installations (Fig. 3a) are concentrated
in a single region across most resolutions, showing no apparent dependence on resolution tendency. This
behavior responds to the cyclic nature of PV, which presents little variability across the domain, and is therefore
not strongly affected by the averaging process. Indeed, the high covariant component observed in all PV
production series within the domain indicates a limited potential for favorable generation complementarities.
The results for wind capacity (Fig. 3b) show a different pattern compared to PV. With increasing resolution,
there is a clear tendency for the distribution of installed capacity to spread across a greater number of regions.
This suggests that a higher resolution allows for the emergence of more favorable low-covariance combinations



Figure 3: Number of regions exceeding 100MW of installed capacity at a penetration level of 30% at each level
of resolution for PV (a) and wind (b).

of wind capacity across different locations. In fact, whereas PV is mostly covariant within the domain, wind
resource presents higher variability, and an increased chance for low covariances or even anticovariances to
occur is higher. Therefore, using a high enough resolution to capture the potential of favorable low-covariance
combinations is key to achieving the maximum actual potential for renewable generation of any given domain.
Thus far, two conclusions that complement the asymptotic PRR results have been drawn. Firstly, the capacity
required to achieve a specific level of penetration decreases with resolution, along with the associated risk, due
to the better representation of the climatic resource. Secondly, for PV, the capacity tends to be concentrated
in a single region, regardless of the modeling resolution, whereas for wind, it spreads across more regions as
the resolution increases. These two effects derive from the cyclic quality of PV (following similar patterns all
over the domain), and the non-cyclic variable nature of wind.
Therefore, in order to explore the impact of resolution on optimal renewable energy deployment scenarios, the
spatial distribution of three resolution levels - low, middle, high - for the 30% penetration target is examined in
detail (Fig. 4 a-b, c-d, and e-f, respectively).
The distribution of installed capacity for PV is concentrated in the same region across all three resolution lev-
els, as previously discussed. This suggests that the points that determined the selection of regions in the
middle and low resolution scenarios were primarily those located in the region identified by the high resolution
scenario. Due to the limited variability of PV, the averaging process does not degrade the results. Additionally,
higher resolutions require less capacity in a given region because the optimization more accurately identi-
fies the area with the highest capacity factors and lowest variability, and thus exploits the available climate
resources more effectively.
The behavior of wind capacity exhibits two distinct patterns. In the western half of the domain, wind installations
behave as PV series in the sense that the entire region follows a similar pattern driven by a substantial influence
of sustained strong Atlantic winds. This results in the high resolution wind installations contained within the
regions of the middle and low resolution optimal scenarios. On the other side, the eastern half of the domain
presents different response. Despite some strong northern winds in the islands and some mountain-influenced
winds in the northeast regions, the eastern side of the domain presents very variable patterns, which may not
arise at the low and middle resolutions. This is coherent with the more variable Mediterranean climate.
Despite not presenting any installed capacity at the low resolution, the southeastern quadrants of the wind
capacity distributions have a region contained in it entering the mix at the middle resolution, and then again
presenting zero installed capacity at the high resolution. The capacity allocated at low resolution in the north-
east quadrant of the domain, is reallocated differently in the middle and high resolution resulting scenarios.
This effect arises from the unique characteristics of each high resolution region being smoothed out when
resolution is lowered. The high resolution enables greater detail in the spatial characterization of the climatic
resource, allowing previously obscured areas to become visible in the optimal mix. Conversely, areas that
were included in the optimal mix at the middle resolution due to the mean, were no longer competitive at the
high resolution. The cause behind this is the reduction in region size associated to the increase in resolution.
This effect allows high potential areas to stand out without the smoothing effect of the mean, and contrarily
considers regions that may stand out only in terms of the mean but that may not contain any smaller areas



Figure 4: Optimal distribution of installed capacity for wind (a,c,e) and PV (b,d,f) for the configurations with 4
(a, b), 16 (c, d), and 64 (e, f) regions at the 30% penetration level.

of particular potential. This proves key, especially considering that any renewable installation will exploit the
corresponding local climatic resource, and not some averaged value.

4. Summary and conclusions
In this article, we determined and analyzed the impacts of resolution on the results of optimization models
for VRE deployment. By simple asymptotic reasoning, the absolute limit in penetration-risk ratio for a cer-
tain spatio-temporal distribution of climate resource and electricity demand is derived and represented by the
asymptotic Pareto front of the system.
The usable resolutions in renewable energy deployment optimization models are primarily bounded by climate
data resolution. The intrinsic limit of the attainable penetration-risk ratio can be represented by the asymptotic
Pareto front, which provides an estimate of the upper limit in terms of renewable penetration-risk payoff given
the available resource. The illustrative example of Spain renders a penetration-risk maximum payoff of 2.22,
and therefore the Spanish VRE system should assume a minimum risk threshold of 45% in order to achieve
100% penetration. This front is independent of the resolution used for the optimization, but not necessarily
independent of the climate data and its resolution. We find that the frontier reached when using the full
climate grid optimization closely approximates the asymptotic behavior of increasing resolution, with minimal
differences in penetration and/or risk under 1% at any given level.
Both PV and wind technologies exhibit similar patterns in terms of the total installed capacity, and with in-



creases in penetration, the necessary capacity decreases while also lowering the risk, as a result of more
accurate descriptions of the real climatic reality. However, they show different behaviors when the actual dis-
tributions of capacity are considered. PV tends to have all its capacity concentrated in one region. By its
nature, PV follows a similar pattern over the whole domain (i.e., the predictable daily and seasonal cycles),
which implies that the potential benefits of combining different installation location are small. Contrarily, wind
presents a more varying nature over the territory, which in turn favors instances where combining wind re-
sources is beneficial to the overall system. As a result of this changing quality, wind capacity distribution varies
with the changing resolution due to some high-potential areas being averaged out across regions, as well as
some regions having better averaged values than their individual components. However, in areas with strong
sustained wind patterns, wind capacity follows a similar behavior to PV.
The use of higher resolution data can prevent overestimations of necessary capacity. The usage of the high-
est possible resolution helps identify the synergies between different locations for installation. In turn, these
synergies allow for smaller amounts of installed capacity to reach high penetration levels. Lower resolution
approaches limit the possible combinations and the precision of their components, which presents a reduced
representation of reality that is detrimental both in terms of return and in terms of necessary capacity.
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Abstract:
In this paper, we propose a multi-RREH (Remote Renewable Energy Hub) based optimization framework. This
framework allows a valorization of CO2 using carbon capture technologies. This valorization is grounded on the
idea that CO2 gathered from the atmosphere or post combustion can be combined with hydrogen to produce
synthetic methane. The hydrogen is obtained from water electrolysis using renewable energy (RE). Such
renewable energy is generated in RREHs, which are locations where RE is cheap and abundant (e.g., solar
PV in the Sahara Desert, or wind in Greenland). We instantiate our framework on a case study focusing on
Belgium and 2 RREHs, and we conduct a techno-economic analysis. This analysis highlights, among others,
the interest of capturing CO2 via Post Combustion Carbon Capture (PCCC) rather than only through Direct Air
Capture (DAC) for methane synthesis in RREH. By doing so, a notable reduction of 9.2% is observed in the
total cost of the system under our reference scenario. In addition, we use our framework to derive a carbon
price threshold above which carbon capture technologies may start playing a pivotal role in the decarbonation
process of our industries. For example, this price threshold may give relevant information for calibrating the EU
Emission Trading System so as to trigger the emergence of the multi-RREH.

Keywords:
CO2 Valorization, Energy Hub, Multi-Energy Systems, Optimization of Energy Systems, Sector Coupling.

1. Introduction
While the whole world is engaged in a process to decrease greenhouse gas emissions, capturing CO2 appears
more and more as a crucial element to limit global warming. Once it is captured, CO2 may be either stored
(CCS - Carbon Capture and Storage), either valorized (CCU - Carbon Capture and Utilisation), for instance
through synthetic methane generation. In this article, we focus on CCU, where CO2 is seen as a required in-
gredient in the process of generating synthetic methane, together with green hydrogen, i.e. hydrogen obtained
from renewable energy-based electrolysis.
In this paper, we build on top of the Remote Renewable Energy Hub (RREH) approach [3] to propose a multi-
hub, multi CO2 sources approach. CO2 is captured using both Post-Combustion Carbon Capture (PCCC) and
Direct Air Capture (DAC) technologies. Hydrogen is produced from electrolysis using renewable energy in a
RREH which is particularly well-suited for producing cheap and abundant renewable energy (e.g., solar energy
in the Sahara desert, or wind energy in Greenland). The RREH concept also relies on the following idea: some
locations show large amount of energy consumption while not having lots of renewable energy resources (e.g.,
Europe). On the opposite, some places have abundant renewable energy while having almost no energy
demand. In its original formulation, the RREH concept suggests to use DAC technologies to feed the CO2
demand at the RREH. In this paper, we include PCCC technologies as an alternative to DAC technologies: in
addition or replacement to being captured in the atmosphere, CO2 emitted in energy intensive locations may
be transported to the RREHs to be combined with green hydrogen for producing neutral synthetic methane.
We propose a methodology for assessing the technico-economic feasibility of exporting CO2 into RREH where
synthetic CO2-neutral methane would be generated using locally produced green H2. We formalise an op-
timisation problem where CO2 sources are in ”competition” to provide CO2 to the methanation units in the
RREHs. This methodology is based on a linear program modelling of Belgium energy system, including gas
and electricity demand, and main CO2 emitters. We rely on previously published approaches to develop our
approach Berger et al. [3], and, in particular, we use the GBOML language Miftari et al. [17] to model the
energy system and to optimize it.
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Our methodology is evaluated in the Belgian context: we consider Belgian CO2 emissions and Belgian gas
and electricity demand. CO2 may be captured using Post Combustion Carbon Capture (PCCC) in Belgium or
DAC in RREH locations. CO2 neutral synthetic methane will be produced in a remote energy hub from where
it would be shipped back to serve the Belgian gas demand. We derive a CO2 emission cost in order to have a
neutral emission system. We also determine a value of lost load (i.e. a price associated with a lack of energy
service) in order to serve the energy demand at all times. Several scenarios are studied with different prices
of CO2 emissions, allocation or not of unserved energy and forcing of a given RREH.

2. Related Work
This work is mainly related with the following topics that may play an important role in the deep decarbonation
of our societies: (i) global grid approaches, (ii) power-to-X technologies, multi-energy systems and and energy
hub approaches, and (iii) CO2 quotas markets.
Global Grid (GG) approaches [7], [25], sometimes referred to as Global Energy Interconnection approaches
[16], are related with the idea of harvesting renewable energy from abundant and potentially remote renewable
energy fields to feed the electricity demand in high demand centres. These approaches have mainly been
oriented towards solutions using the electricity vector to repatriate energy from energy hubs, and have received
a growing interest starting from the DESERTEC concept [23] that focuses on Sahara solar energy resources
from the Sahara desert to serve the European electricity demand. More recently, wind from Northern Europe
and Greenland has also been identified as a promising resource to be valued within the GG context [21].
Resource and demand configurations combining several types of resources as well as demand time zones
show better results [25].
Multi-energy systems approaches [19, 20] exploit the benefits of integrating energy demand and generation,
as well as infrastructure. Power-to-X technologies, in particular power-to-CH4 technologies using hydrolysis
and renewable energy for producing H2 [15], offer a CO2 neutral solution to serve gas demand, but also a
way to store vast quantities of energy issues from renewable sources [5]. Recently, Berger et al. have pro-
posed a modeling framework [3] for assessing the techno-economics viability of carbon-neutral synthetic fuel
production from renewable electricity in remote areas where high-quality renewable resources are abundant.
Let us mention that the idea of energy hubs was preexisting the work of Berger et al. [14, 18, 22], however
the contribution of Berger et al. is the introduction of remote energy production, far from the demand. Our
contribution is in line with the latter.
As this work aims to enhance the value of CO2, it is closely linked to the European Union Emissions Trading
System (EU ETS). The EU ETS system, which is described on the European Commission’s website 1 and in
[6], is a ’cap and trade’ program. The system sets a cap on the total amount of certain greenhouse gases
(GHG) that can be emitted by the facilities covered by the ETS. Within the cap, facilities are given emissions
allowances, which can be traded with one another. The total number of allowances available is limited to
ensure that they have value, and the cap is gradually reduced over time to lower total emissions. If a facility
fails to cover its emissions fully, it faces substantial fines. Conversely, if a facility reduces its emissions, it can
either retain the surplus allowance for future use or sell it to another facility that has not succeeded in covering
its own emissions. This trading mechanism aims to reduce GHG emissions as soon as it becomes the most
cost-effective solution and encourage investments in low GHG emissions solutions.

3. CO2 Valorisation in a Multi-Remote Renewable Energy Hubs Approach
The Remote Renewable Energy Hub concept was first introduced in [3] where the authors proposed a hub
for synthesizing CH4 based on hydrogen and CO2 captured from the air thanks to a methanation unit. This
concept has emerged within the context of global grid [7] and multi-energy systems approaches. These ap-
proaches aim at optimising the generation and utilisation of renewable energy (RE) by both (i) looking for
abundant and cheap RE fields, (ii) taking advantage of daily/seasonal complementary of RE, as well as (iii)
using power-to-gas technologies for better addressing RE generation fluctuations and meet e-fuels demand to
act as a substitute for molecules derived nowadays from fossil fuels.
In the original article [3], the methanation unit was supplied with CO2 by a Direct Air Capture unit, and the
energy demand was fulfilled by a single RREH located in Algeria. However, in this paper, we propose to in-
vestigate the feasibility of valorizing CO2 captured through Post Combustion Capture techniques at the energy
demand center (EDC). Additionally, we deviate from the original paper by introducing a multi-RREH approach,
wherein the EDC serves as a CO2 provider to a set of multiple RREHs, denoted as RREH1, ... , RREHh. Each
hub RREHi (1 ≤ i ≤ h) has its unique characteristics, such as renewable energy type, potential, distance from
the EDC, and means of CO2 transport from the EDC, which can affect its competitiveness.
In order to illustrate the concepts discussed above, we have developed a model for a multi-RREH system

1https://climate.ec.europa.eu/eu-action/eu-emissions-trading-system-eu-ets_en
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based on the following assumptions: (i) the EDC is Belgium, encompassing its gas and electricity demands as
well as its CO2 emissions, (ii) there are two RREHs: one situated in the Sahara desert with access to solar and
wind resources, and another in Greenland benefiting from the high-quality wind fields in the region. A detailed
schematic of the resulting system is shown in Fig. 1. Similar to [3], we employed the GBOML language [17], a
recently developed language tailored for energy system optimization (refer to section 4. for more information),
to model the system.
We note that the GBOML model code with two RREHs and one EDC system is available online2 and can be
easily extended to add additional RREHs and EDCs.

4. Modelling
This section provides insight into the optimization framework that underlies the multi-energy system model
proposed in this work. The GBOML language introduced in [17], a recently developed language dedicated to
modeling graph-based optimization of multi-energy systems, is utilized to build this model. The optimization
problem can be viewed as optimization on graphs, where a multi-energy system is considered as a set of
nodes N that contribute to the (linear) objective and local constraints, and hyperedges E are used to model the
constraints between nodes, such as those between RREHs and the EDC in our context.
The formalism employed in this work follows that introduced in [3]. The entire system is defined by sets of
nodes N and hyperedges E . The optimization horizon is denoted by T , with time-steps indexed by t ∈ T ,
where T = {1, ... , T}.
A node n ∈ N is defined by internal X n and external Z n variables, where internal variables describe the specific
characteristics of the unit, such as the nominal power capacity installed in the asset. Equality constraints
hi (X n, Z n, t) = 0 with i ∈ I and inequality constraints gj (X n, Z n, t) ≤ 0 with j ∈ J , are employed for each t ∈ T
to model operational constraints.

Each node n has an associated cost function F n(X n, Z n) =
∑T

t=1 f n(X n, Z n, t) that typically represents the
capital expenditure and operational expenditure, i.e., CAPEX and OPEX, respectively.
Finally, equality and inequality constraints on hyperedges can be defined as He(Z e) = 0 and Ge(Z e) ≤ 0 with
e ∈ E to model the laws of conservation and caps on given commodities.
One can read this type of problem as:

min
N∑

n=1

F n(X n, Z n)

s.t. hi (X n, Z n, t) = 0,∀n ∈ N ,∀t ∈ T ,∀i ∈ I
gj (X n, Z n, t) ≤ 0,∀n ∈ N ,∀t ∈ T ,∀j ∈ J
He(Z e) = 0,∀e ∈ E
Ge(Z e) ≤ 0,∀e ∈ E .

(1)

The main assumptions underlying our model are the following:

• Centralised planning and operation: In this framework, a single entity is responsible for making all invest-
ment and operation decisions.

• Perfect forecast and knowledge: It is assumed that the demand curves, as well as weather time series,
are available and known in advance for the entire optimisation horizon, i.e., ∀t ∈ {1, ... , T}.

• Permanence of investment decisions: Investment decisions result in the sizing of installation capacities
at the beginning of the time horizon. Capacities remain fixed throughout the entire optimisation period,
i.e., ∀t ∈ {1, ... , T}.

• Linear modelling of technologies: All technologies and their interactions are modelled using linear equa-
tions within this framework.

• Spatial aggregation: The energy demands and generation at each node are represented by single points.
The topology of the embedded network required to serve this demand locally is not modelled in this
approach. This can be viewed as an extension of the copper plate modelling approach used in electrical
power systems.

In our problem, all cost functions and constraints are affine transformation of the inputs. More details on the
constraints of each technology can be found in [2], [3]. Additionnaly, the local objective function corresponding

2https://gitlab.uliege.be/smart_grids/public/gboml/-/tree/master/examples
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to the CAPEX is modelled with a uniform weighted average cost of capital (WACC) of 7% for each technology.
Thus, the CAPEX is computed using the following formula:

ζn = CAPEXn ×
w

(1 − (1 + w)−Ln )
(2)

with Ln the lifetime of technology n and w the WACC. Hence, ζn represents the annualised cost of investing in
technology n.
Moreover, a cap on the net CO2 emissions (i.e. release in minus captured from the atmosphere) is added to
the model. This latter is defined as ∑

t∈T
(
∑
a∈A

qa
co2,t −

∑
c∈C

qc
co2,t ) ≤ κco2ν (3)

with A and C representing the sets of technologies that release CO2 into the atmosphere and those that
capture CO2 directly from the atmosphere, respectively, κco2 represents the CO2 cap in kilotons per year,
and ν represents the number of years covered by the optimization horizon. The shadow price, or marginal
cost, which is the dual variable associated with (3) allows for the derivation of a CO2 cost in C/t. A detailed
explanation of dual variables as marginal costs in linear programming can be found in [4, Chapter 4].

5. Case Study: Belgium
This case study is focused on Belgium with two remote renewable energy hubs: one located in Algeria and an-
other one located in Greenland. We will analyse the techno-economic feasibilty of the system while responding
to an energy demand composed only of electricity and gas in Belgium.

5.1. Data
The data cover 2 years: 2015 and 2016. It is used to characterize energy demand as well as load factors for
renewable energy sources.
Renewable generation profiles
In order to determine the generation profiles of variable energy sources in Belgium we use the data from the
transmission system operator (TSO) of Belgium [11]. The profiles for the RREH located in Algeria are extracted
with the same methodology as in [3]. For the RREH situated in Greenland, the profiles of renewable energy
are extracted thanks to the MAR model [12] and given a power curve for an offsore wind turbine MHI Vestas
Offshore V164-9.5MW.
Energy consumption
The energy consumption data is collected for two energy vectors: gas ([13]) and electricity ([10]) with the same
methodology as in [2]. In Fig. 2, the data corresponding to the two years is represented, where the signal is
daily aggregated. In some cases, gas usage is shifted towards electricity needs, as described in [2, section
4.2.2]. This shift is due to the use of heat pumps, which can help decarbonize heating in Europe. For both
energy vectors, industrial and heating demands are taken into account.
The peak power demand is equal to 60.13 GWh/h for both gas and electricity. The energy demand for electricity
ranges from 6.42 to 20.29 GWh/h, while that for gas ranges from 5.51 to 39.84 GWh/h. The total energy
demand is on average 106.45 TWh/year and 132.65 TWh/year for electricity and gas, respectively.

5.2. Model Configuration
Our model consists of three main components (see Fig. 1): the energy demand center located in Belgium
and two Remote Renewable Energy Hubs (RREHs) situated in Algeria and Greenland. The RREH in Algeria
is modeled as described in [3] with the same techno-economic parameters. The distinction is made with the
inclusion of the CO2 connection between Belgium and Algeria. The RREH in Greenland is similarly modeled,
with the exception of the removal of the photovoltaic potential and the modification of the high-voltage direct
current (HVDC) line to a length of 100 km rather than 1000 km.
The transportation of CO2 is achieved through the use of boats, which have a CAPEX of 5MC/kt, a lifespan of
40 years, and an average daily energy consumption of 0.0150 GWh/day. CO2 transport data was obtained from
[1]. The loading and traveling time for these boats are assumed identical to those for liquefied methane carriers
[3], i.e. 24 and 116 hours, respectively. In order to fill the tank of CO2 carriers with fuel (liquefied methane),
these tanks are loaded when unloading the CO2 at the RREH. Indeed, at the RREH, synthetic CH4 is available
without having undergone any additional transport-related losses. Except for the storage facilities, liquefaction
of CO2 has been excluded from the model. Sideways analyses have confirmed that this assumption has a
negligible impact on the optimal objective.
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Figure 2: Daily aggregated profiles of electricity and natural gas demand covering the years 2015 and 2016
spanned by the optimisation.

Belgium is modeled with an electricity and gas demand as depicted in Fig. 2, with various means of production,
including wind power, solar power, and a combined cycle gas turbine. The solar potential is limited to 40GW.
The wind potential is equal to 8.4 GW and 8 GW for onshore and offshore capacities, respectively. The techno-
economic parameters of each technology deployed in Belgium follow those in [2].
We have also added a CO2 source that is equivalent to 40Mt CO2/year, which corresponds to the energy
sectors and industrial processes greenhouse gases in Belgium in 2019 [8, Table 4.1.1 (pp. 165- 166)]. We
assume that we can install post-carbon capture technologies (PCCC) in these sectors.
In terms of carbon capture technologies, the model has access to direct air capture installed at the RREHs, as
well as a PCCC in Belgium on the 40Mt of CO2 per year and a PCCC installation on the CCGT.
As stated in [2], the cost of PCCC is 3150MC/kt/h of CAPEX. The variable operating and maintenance costs
(VOM and FOM) have been neglected in this analysis. However, a demand of 0.4125GWhel/ktCO2 of electricity
is required. The expected lifetime is assumed to be 20 years.
Similarly, according to [3], the cost of DAC is equal to 4801.4 MC/kt/h of CAPEX. Similar to PCCC, VOM and
FOM are ignored. The operational requirements for DAC are 0.1091GWhel/ktCO2 of electricity, 0.0438ktH2/ktCO2
of di-hydrogen, and 5.0ktH20/ktCO2 of water. The expected lifetime is assumed to be 30 years.

5.3. Results
In this section, we explore several scenari. We describe the variables that are used to differentiate the scenari

1. Cost or Cap on CO2: either a cap is set of 0 t/year or a price at 80C/t or 0C/t

2. Cost of energy not served (ENS): either energy not served is not allowed or a penalty of 3000C/MWh is
imposed for each unit of unproduced energy.

3. Forcing or not the use of a given RREH.
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Scenario Cap on CO2 Cost of CO2 ENS Cost ENS Objective
(kt) (MC/kt) (C/MWh) (MC)

1 0.0 0.0 No - 83742.61
2 0.0 0.0 Yes 3.0 80778.02
3 No 0.08 Yes 3.0 78872.94
4 No 0.0 Yes 3.0 76323.94
5 0.0 0.0 No - 111209.95

Table 1: Scenari parameters.

The results are generated with 5 scenari:
Scenario 1: This scenario seeks to avoid energy scarcity, whatever the cost. Therefore, no ENS is allowed. In
addition, a hard constraint is set on CO2 emissions: a cap on CO2 is set.
Scenario 2: This scenario follows the same assumptions as scenario 1 except that it leverages the constraint
on energy not served. The cost associated to electricity not served is equal to 3000C/MWh, which is a standard
value in the electricity context [24].
Scenario 3: This scenario leverages the constraint on CO2 emissions, and does not force the avoidance of
energy not served but is penalized by 3000C/MWh not served. A penalty is associated with any CO2 emission
in the atmosphere in the form of a fee equal to 80C/MWh - a value that reflects the current price of CO2 in the
EU-ETS trading system [9].
Scenario 4: This scenario follows the same assumptions as scenario 3, with the difference that the cost of CO2
is equal to 0C/MWh. The aim is to showcase the system’s configuration in the absence of any considerations
for CO2 emissions.
Scenario 5: This scenario follows the same assumptions as scenario 1, with the difference that the only
available RREH is in Greenland.
These scenari summarized in Table 1 vary in their degree of constraint. Scenario 1 is the most restrictive, with
a cap on CO2 emissions and no allowance for energy not served. Scenario 2 allows for energy not served,
while scenarios 3 and 4 remove the cap and replace it with CO2 prices of 80C and 0C per ton, respectively.
Finally, scenario 5 requires the use of the RREH in Greenland, with parameters identical to those of scenario
1.
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Figure 3: (a): Breakdown of costs per scenario and per cluster (Belgium (BE), Algeria (DZ), and Greenland
(GL)). (b): Breakdown of costs per scenario per asset function. Flexibility covers storage capacities, CO2 Infra
covers CO2 capture, storage, and transport, Power covers means of electricity production, Conversion covers
all assets that convert one commodity into another and Transport HVDC lines and CH4 carriers.

7



5.4. Analyses and Discussion
In this section, we introduce and discuss the results in detail. We choose to present a cross-scenario analysis
in the light of key indicators and statistics extracted from the model.
Total cost.
The results indicate that the costs associated with enabling the hub in Algeria are substantially lower than
those in Greenland, as depicted in Fig. 3 (a) where nothing is built in the Greenland hub from scenarios 1 to 4,
despite it being available for use. This disparity in costs can be attributed to the over-dimensioning of flexibility
assets, particularly the storage capacities, as illustrated in Fig. 3 (b). This is mainly explained to electricity
generated solely through wind available in Greenland, whereas both solar and wind electricity are obtainable
in Algeria. This implies that the flexibility assets have to take the lead in maintaining a minimum of electricity
delivery required in the electrolysis power plant.
Furthermore, a reduction in total costs is observed in the first four scenarios with respect to the objective. This
is explained with the order on the scenari based on their degree of constraint with scenario 1 being the most
constrained and scenario 4 being the least.
Power installation capacities.
All power capacities installations are displayed in Table 2.
The potential in Belgium of solar energy is never reached while for both wind offshore and onshore the potential
is reached in all scenari.
From scenario 1 to scenario 2, the only difference being the allowance of ENS, there is an increase in the
installation of controllable energy production assets. Indeed, there is a shift in capacity from CCGT to solar
energy in Belgium between the first scenario and the second.
Comparing scenario 1 and 5, solar energy in Belgium is more expensive than importing CH4 from the RREH
in Algeria. Importing from Greenland is more expensive and leads to an increase in power capacity installation
in Belgium for solar, but it does not reach the maximum potential.
Another interesting comparison can be made with the work of [3], where the capacity installation in the hub for
the reference scenario is 4.3GW of solar and 4.4GW of wind. In our case, the reference scenario 1 displays
100.51GW and 103.62GW, respectively. The power installation capacity is multiplied by approximately 23 while
providing, on average, 282TWh/year of gas (HHV) to serve the gas demand and part of the electricity demand
in Belgium, which is 28.2 times the gas production in the original paper.

Scenario Wind onshore Wind offshore Solar CCGT Wind Wind Solar
BE BE BE BE GL DZ DZ

1 8.40 8.00 10.56 22.69 0.00 103.62 100.51
2 8.40 8.00 15.35 17.95 0.00 98.43 95.47
3 8.40 8.00 14.95 17.83 0.00 93.32 90.32
4 8.40 8.00 14.72 17.82 0.00 93.28 90.28
5 8.40 8.00 17.48 19.58 129.43 0.00 0.00

Table 2: Total Power installation in GW per scenario.

CO2 installations (transport, capture).
In Table 3, the capacities of the CO2 capture units and the installations of transport capacity per scenario are
displayed. Each time PCCC is activated, we recall that capturing CO2 is the only means to create gas in our
system, and thus a minimum installation is required to support the demand. On the other hand, the DAC is only
activated when a CO2 cap is set. PCCC has an efficiency of CO2 capture set to 90%, which means that a direct
air capture technology asset is necessary to recover the remaining 10% of emissions in the atmosphere. This
leads to a direct consequence, which is that when the DAC is available, the capacity of transport decreases
because CO2 is locally available in the hub. However, the cost of CO2 capture by PCCC added to transport
of CO2 is cheaper than the cost of DAC in the RREH. The only way to put PCCC out of business would be to
have a distance between the hub and the energy demand center so long that the transport cost would increase
too much.
Due to the higher concentration of CO2 in manufacturing smoke compared to the air, PCCC will likely always
be cheaper than DAC, even with significant improvements in the DAC process. As a result, the operational
costs associated with the energy required for PCCC will be lower than those of DAC.
Cost of CO2 derived and Cap of CO2.
From the first, second, and fifth scenarios, we are able to derive a shadow price thanks to the CO2 cap con-
straint. These correspond to approximately 162.77C/tCO2 for the first and second scenarios and 235.65C/tCO2
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Scenario PCCC PCCC CCGT DAC DZ DAC GL Carrier DZ Carrier GL
1 4.11 2.62 1.30 0.00 8.030 0.000
2 4.11 2.07 1.47 0.00 7.142 0.000
3 4.11 1.80 0.00 0.00 9.694 0.000
4 3.76 2.06 0.00 0.00 9.701 0.000
5 4.11 2.40 0.00 1.35 0.000 7.564

Table 3: Capacity, in kt/h, of CO2 capture technology and transport by hub and per scenario.

for the fifth scenario. This shows that given the system considered, i.e., Belgium and RREHs, putting a price
of CO2 equal to 162.77C would avoid these emissions in the atmosphere and activate the export of CO2 to
Norway for storage purposes. In scenario 3, where a price of 80C/tCO2 is set, there is a net balance in the
atmosphere of approximately 15Mt/year. In scenario 4, where no price is fixed, there is a net balance in the
atmosphere which is equivalent to 16Mt/year.
We would like to emphasize that the CO2 cap in our model only considers the emissions from the industrial
and energy sectors, which are fully modeled. It does not account for a part of the emissions resulting from the
gas demand served. Of this demand, 32% is attributed to industrial needs, which are included in the statistics
of the 40 Mt of CO2 emitted per year (see subsection 5.2.), while the remaining 68% is due to heating and is
not covered by our cap. This heating gas demand translates to approximately 12.3 Mt of CO2 emitted per year.
Cost of CH4 derived
To estimate the cost of CH4 production, we first subtract from the optimal objective function the cost of the
means of electricity production in Belgium (PV, on/off shore wind, CCGT), the cost of unserved energy (when
applicable), and the cost related to export of CO2 for sequestration. All of these costs are substracted because
they do not refer directly to the cost of producing synthetic methane. Then, we divide the obtained cost by the
total energy content (HHV) in CH4 produced at the output of the regasification power plant in Belgium.
These methane costs, listed in Table 4, are compared to the price of 147.9C/MWh of methane (HHV) obtained
by [3]. Our scenarios achieve a lower cost for gas production (except for Greenland). This demonstrates that
PCCC, which uses smoke with a high concentration of CO2 combined with transport, is more cost-effective
than having only access to a DAC unit, as previously mentioned.
In our system, no fossil gas is available for import to Belgium; only synthetic gas produced from CO2 capture
is used. If fossil gas were still available for import, our model would seek to minimize costs and import as much
cheap gas as possible while staying within our carbon budget.

Scenario 1 2 3 4 5
[C/MWh] 136.00 137.19 133.89 129.27 192.00

Table 4: Estimation of methane price by retrieving the costs of power installations in Belgium, costs of unserved
energy, and costs of exporting CO2 for storage purposes.

8h 13h 18h 23h
18th day in January

0.0

0.2

0.4

0.6

0.8

1.0

No
rm

al
ize

d 
En

er
gy

 D
em

an
d/

Po
we

r O
ut

pu
t

Load factor pv
Load factor wind onshore
Load factor wind offshore
Demand natural gas
Demand electricity
Carrier schedule

0

1

Av
ai

la
bi

lit
y 

of
 a

 C
H4

 C
ar

rie
r

Figure 4: Evening of January 18th leading to the maximum shadow price associated with the hard constraint
on energy not served in scenarios 1 and 5.

9



ENS cost discussion
The cost of unserved energy is a fixed parameter in scenarios 2, 3, and 4, but not in scenarios 1 and 5. Instead,
a hard constraint is imposed to ensure that electricity demand is always met, resulting in a shadow price
associated with the constraint. The maximum shadow price values for scenarios 1 and 5 are 913,640C/MWh
and 1,075,913C/MWh, respectively. This is attributed to the peak in electricity and gas demand observed on
January 18th at 18:00 (as shown in Figure 4), where renewable energy load factors were low. Thus, all energy
demand had to be supplied by the Combined Cycle Gas Turbine (CCGT) and gas resources.

6. Conclusion
In this work, we present our framework of multi remote energy hubs with capture of CO2 enabled in an energy
demand center and its valorization by synthesizing methane in remote renewable energy hubs. We demon-
strate the feasibility of serving the energy demand at the horizon 2050 of an entire country with only renewable
energy and gas power plant fueled by synthetic methane while decarbonizing the energy and industry sectors
on a case study implying Belgium as energy demand center and two RREHs: Greenland and Algeria. Our
reference scenario exhibits a gas price of 136.0C/MWh instead of 149.7C/MWh in [3] where only direct air
capture was available in the RREH in order to feed CO2 into the methanation process. This shows the poten-
tial of Post Combustion Carbon Capture installations in the context of remote renewable energy hubs supply
chains. We also derive a cost of CO2 of 163C per ton in order to avoid any emission in the industrial and
energy sector in Belgium. Finally, our model effectively captures the ”competition” between different RREHs
and is able to select exactly in which investments should be prioritized. In our simulations, the investments
were made only for the RREH located in Algeria. In this respect, it would be interesting to study further how
the different devices structuring the RREH in Greenland should be modified to become competitive with the
RREH located in Algeria. This could be done for example by modifying the wind turbines selected for the
Greenland hub so that they can operate with higher nominal wind speeds and higher cut-off speeds in order to
better exploit the strong winds in this area.
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Appendix A Glossary
BE Belgium
CAPEX Capital Expenditure
CCGT Combined Cycle Gas Turbine
DAC Direct Air Capture
DZ Algeria
EDC Energy Demand Center
ENS Energy Not Served
ETS Emission Trading System
GBOML Graph Based Optimzation Modeling Language
GL Greenland
HHV Higher Heating Value
OPEX Operational Expenditure
PCCC Post Combustion Carbon Capture
PV Photovoltaic
RE Renewable Energy
RREH Remote Renewable Energy Hub
RES Renewable Energy Sources
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Nomenclature
Sets and indices

E , e set of hyperedges and hyperedge index

G hypergraph with node set N and hyperedge set E

In, i set of external variables at node n, and variable index

N , n set of nodes and node index

T , t set of time periods and time index

Parameters

ν ∈ N number of years spanned by optimisation horizon

κi ∈ R+ maximum flow capacity of commodity i

ζn ∈ R+ annualised CAPEX of node n (flow component)

Variables

qn
it ∈ R+ flow variable i of node n at time t
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Abstract:
The success of the energy transition in the building sector depends not only on the technical feasibility but also
on the economic viability of energy modernization measures. Subsidy programs for building owners and en-
ergy prices exert a strong influence on this economic viability and thus on the spread of low-emission building
energy systems. Against this background, this study presents a bi-level optimization approach to determine
cost-efficient subsidy strategies. At the upper stage, the government aims to reduce subsidies to reach CO2
targets. At the lower stage, individual building models optimize their total costs by modernizing the heat con-
version technology or insulating the building shell. To achieve solvability, the lower model is implemented into
the upper model as a discrete set, resulting in a single-stage problem. The model determines the minimal
subsidy rates that make the purchase of the technologies and measures worthwhile for the building owner,
depending on a CO2 target aimed by the government. Results show that the introduction of subsidy programs
has a considerable steering effect on emission savings. The targeted promotion of low-emission heat supply
technologies, such as HPs, with up to 40 % subsidy quota in combination with subsidies for insulation mea-
sures contributes significantly to their installation in existing buildings and thus to the achievement of climate
protection goals, if the future expansion of renewable energies in the electricity mix is taken into account. With
the current costs and emission factors of pellet, the promotion of pellet heating can further contribute to strong
emission savings.

Keywords:
Bi-level optimization, energy-efficient buildings, building optimization, subsidy optimization, Subsidy programs
for energetic modernization, Residential buildings

1. Introduction
The European Union is committed to decreasing greenhouse gas emissions by a minimum of 55 % by 2030
and achieving climate neutrality by 2050 [1]. These ambitious targets necessitate significant efforts across all
energy consumption sectors. As the building sector is accountable for 36 % of European greenhouse emissions
[2], it plays a crucial role in achieving emission reductions. The European Commission has reported that 75 %
of the European building stock is energy inefficient [3], highlighting the necessity for energy retrofitting. To lower
building-related emissions, the European Union intends to double the current retrofit rate, which is currently
less than 1 % per year. In practice, the decision of building owners to renovate their buildings is primarily
driven by economic considerations. The installation of building envelope insulation or the utilization of low-
emission heating technologies entail significant capital expenditures and may not be economically viable in
every case. To overcome these financial barriers and promote retrofits, various policy instruments have been
developed. According to Vedung [4], there are three general types of policy instruments: regulations, economic
means, and information dissemination. Regulations establish energy efficiency standards and partially limit the
choice of heating technology in the building sector. Subsidy programs, on the other hand, affect the economic
viability of low-emission energy systems. Information flow is critical to educating building owners about sensible
renovation measures. Among these policy instruments, Ruparathna et al. [5] identify financial incentives as
essential means to encourage the energy retrofitting of bRegulationsuildings. Among these, direct capital
grants for retrofit works are the most common financial incentives in Europe [5].
1.1. Subsidy programs in optimization models
In recent years, numerous research papers have incorporated subsidy programs into models for designing and
optimizing energy systems for individual residential buildings to quantify their effects. Asadi et al. [6] formulate
a multi-objective optimization model that optimizes renovation decisions for discrete insulation measures and



the installation of solar thermal collectors. The Mixed-Integer Linear Program (MILP) minimizes investment
costs, taking into account investment grants, while maximizing energy savings. Ashouri et al. [7] present a
MILP for the design optimization of a building energy system. The authors model a large portfolio of heat
conversion technologies, plants for renewable energy production and different thermal and electrical storage
types. The target function minimizes total costs, including investment grants and feed-in tariffs, and a penalty
term punishing thermal comfort violations. The works of Harb et al. [8], Renaldi et al. [9], and Schütz et al. [10]
show further examples of the integration of incentives in MILPs for building energy system design optimization.
All three models minimize the total costs of the building owner but differ in the portfolio of modernization
strategies considered and incentive schemes. Harb et al. [8] focus on CHP systems and feed-in tariffs for CHP
electricity. Renaldi et al. [9] consider hybrid systems with HP and implement remunerations for heat generated
by HP. Schütz et al. [10] integrate all building-relevant German subsidies in their MILP, including investment
grants for single measures, subsidies for reaching efficiency standards, as well as feed-in tariffs for PV and
CHP electricity. All models demonstrate that subsidies effect the economic viability of modernization measures
and thus the investment decision. While most of the models simplify the conditions of the subsidy programs
and omit the constraints under which support is granted, Schütz et al. [10] integrate a significant portion of the
funding measures available in Germany along with their restrictions into the model.
1.2. Optimization models for the improvement of subsidy programs
While building owners aim to minimize total costs through modernization, funding agencies aim to enhance
the energy performance of buildings while minimizing the costs of subsidies. The goal of the funding agency
is to allocate subsidies effectively to individual buildings, providing incentives to undertake energy-efficient
retrofitting and achieve emission savings. Different research papers attempt to formulate optimization models
to model the relationship between the funding agency and energy systems with the goal to improve subsidy
programs from the perspective of a funding agency. Liu et al. [11] present an optimization model for multi-
energy systems on an urban scale. The model is formulated as a Stackelberg competition, commonly used
in game theory. In this case, the state as funding agency aims to minimize total subsidies while meeting an
emission reduction target or achieving a share of renewable energy. The upper level perspective is modeled as
a mixed-integer linear program (MILP) with binary variables determining the minimum size of plants required
for subsidies. Subsidies include investment grants and remuneration for renewable energy production. At
the lower level, a city determines how to meet its energy demand at the lowest possible total annual cost
(TAC). The lower problem is modeled as a linear program (LP) with plant size and operation as continuous
decision variables. Both perspectives result in a bi-level optimization problem (BiOP). In order to solve the
BiOP, Liu et al. reformulate the original problem. Since the lower problem is modeled with continuous variables
and linear inequalities, it is continuously differentiable, and the Karush-Kuhn-Tucker (KKT) conditions can be
applied to include the lower problem in the upper problem. By reformulating the resulting non-linear terms
through discretization of variables and the use of the Big-M method, Liu et al. are able to reformulate the
BiOP into a single-stage MILP. Martelli et al. [12] introduce a model to determine optimal incentives and CO2
prices to achieve emission reduction targets for a multi-energy systems on a district scale. The upper problem
of the BiOP minimizes incentives for produced renewable heat and electricity while maximizing the income
from CO2 prices. The overall budget and emissions are constrained, and the costs for the lower problem must
not exceed a maximum value. The lower level problem minimizes the TAC to cover the energy demand of
the district. Technology choices on the lower level are implemented with binary variables resulting in a MILP.
As the problem is not continuously differentiable, a problem reformulation by means of the KKT conditions is
not possible, and the problem is solved with a gradient-free direct search algorithm (Particle-Generating Set-
Complex Algorithm) which was developed by the authors and is not open source available. Prada et al. [13]
determine the influences of investment grants in Italy by formulating a BiOP. Both levels are solved separately
for different investment grants, and the solution of both problems is compared. At the upper level, the funding
agency aims to minimize the primary energy demand of the building stock and its own investment, resulting in
a multi-objective target function. The lower level model minimizes the primary energy demand and the TAC.
By comparing variations, the originally formulated problem is not necessarily solved to optimality. Another
example of solving a BiOP to determine optimized subsidy programs in energy science is the work of Zhou et
al. [14] . The model minimizes subsidies for renewable electricity production on the upper level while achieving
a minimum share of renewables in a electricity production system. The lower level minimizes the total cost
of the portfolio and is modeled as a graphical flow problem with nodes for producers as well as consumers
and with discrete technology choices resulting in a MILP. The authors solve the BiOP by a combination of a
modified CPA on the lower level and a heuristic approach on the upper level.
1.3. Rationale of the work
The aforementioned approaches demonstrate the potential of subsidy programs to influence investment deci-
sions and present various models for determining optimized subsidies. The studies utilize BiOPs to optimize
investment grants and remunerations for renewable energy production. To ensure solvability, the BiOPs are ei-



ther reformulated into a single-level problem if possible or solved using heuristics at the upper level. The BiOPs
presented in the studies focus on connected urban and multi-energy systems. Prada et al.’s BiOP [13] takes
the single building perspective into account but is not solved to optimality. Therefore, the following aspects
have been identified as research gaps based on the findings of the literature review:

• How can subsidies be optimally allocated from the perspective of a funding agency to reduce building
stock emissions, while considering individual investment decisions at the level of single residential build-
ings?

The formulation of a BiOP based on the literature presented shows promise. However, compared to previous
works on multi-energy systems, the consideration of building stocks requires the inclusion of multiple entities
in the lower-level problem. It is not sufficient to assume, as in Liu et al. [11], that every technology is chosen at
the lower level resulting in a linear programming problem. As a result, the main contribution of this work is to
address this challenge by:

1. Formulating a BiOP to determine the minimum subsidies required for individual modernization measures
to achieve an emission reduction target.

2. Integrating the perspectives of multiple building owners into the BiOP for optimized subsidy allocation.

3. Reformulating the BiOP as a single-level optimization problem and presenting an approach to solve it
using deterministic optimization methods.

The paper is organized as follows: The second section describes the methodology and model formulation and
illustrates the use of the German single-family-house building stock as a case study as well as the input data
used. The third section analyzes the results, and the fourth section constitute the conclusion.

2. Methodology
To determine optimized subsidy schemes, a BiOP is utilized in this study. At the lower level, individual building
entities aim to minimize their costs, while on the upper level, a funding agency aims to encourage energy-
efficient modernizations by disbursing subsidies to achieve an emission reduction target. The method em-
ployed in this paper is designed for this two-stage approach. Subsection 2.1. outlines the model used on
the lower level, while Subsection 2.2. formulates the BiOP. In Subsection 2.3., the application of the method
is presented through a case study of the German residential single-family house building stock, including the
necessary input data. Figure 1 gives an overview about the methodology in this paper.

Figure 1: Overview over the Bi-Level approach with the funding agency on upper level and individual buildings
on lower level

2.1. Single Building model
At the lower level, we use a mixed-integer linear programming (MILP) design optimization model developed by
Schütz et al [10]. The model’s detailed features can be found in Schütz et al. [10]. We present only the main
features and adaptations of the model for this work. The model selects the optimal energy system in terms of
total annualized costs considering available system technologies and insulation measures. The paper consid-
ers gas boilers (GAS), electrical air-source heat pumps (HP) with electrical heaters (EH) as backup heaters,
and pellet boilers (PEL) as heat generators. Photovoltaic collectors (PV) and solar thermal collectors (STC)
are available as solar energy harvesting options. Additionally, batteries (BAT) and thermal energy storages
(TES) are included as possible energy storage options. In addition, we consider the insulation of the building’s
outer wall (WALL), roof (ROOF), ground floor (FLORR) and window replacement (WIN) as possible measures.



The optimization program offers two retrofit scenarios, retrofit and advanced retrofit, to reduce the building’s
energy demand. As the model’s input were updated compared to the original version of Schütz et al., section
2.3.2. describes the updated input data. To reduce computing time and to consider extreme days, we imple-
ment a k-MILP clustering [15] algorithm to represent the annual profiles of weather data, domestic hot water
(DHW), and electricity demand through eight weighted type days complemented by two extreme days. The
target function minimizes the total annualized costs (TAC) for the building owner, which are calculated based
on the VDI 2067 [16] standard. The cost function includes annualized investments (cinv ), demand costs (cdem),
and revenues from the sale of surplus electricity (rel ,sell ) or subsidies (rsub).

min(c inv + cdem − rel ,sell − r sub) (1)

If the observation period exceeds the service life of a system, the residual value is calculated based on a
replacement investment. The investment is comprised of acquisition costs for the system technology and
renovation costs for building envelope measures. Demand costs and profits from surplus electricity fed into the
grid are annualised using a dynamic factor and annuity factor. Binary variables x are utilised to map system
selection, and to bound the nominal heat output Qnom

dev of a heat generator dev with its minimum and maximum
size.

Q̇nom
dev ≤ Q̇nom

max ,dev · xdev and Q̇nom
dev ≥ Q̇nom

min,dev · xdev (2)

For the PV and STC systems, the integer variable z specifies how many modules are installed on the roof. The
area of all installed solar modules must not exceed the maximum roof area Aroof

max .∑
sol∈{STC,PV}

zsol · Asol ≤ Aroof
max (3)

For the building envelope components, the decision variable xretrofit represents whether the component is
retrofitted and to which retrofit level. The retrofit levels considered are standard (strd), retrofit (retrofit) and
advanced retrofit (adv). The strd level is associated with no costs and each component of the building enve-
lope has to select one level.∑
i∈{strd,retrofit,adv}

x retrofit
shell ,i = 1,∀ shell in Building Shell (4)

The heat demand is calculated according to DIN EN 12831 [17] and includes the heat required for room heating
and DHW production. The DHW demand is considered by time series as a fixed input parameter, while the
space heating demand is computed based on the building envelope renovation and the difference between
indoor and outdoor temperatures. The resulting heat demand must be provided at each time step. Further
details on the modeling of heat generators and technical devices can be found in Schütz et al [10] . This study
focuses on the impact of investment subsidies for individual retrofit measures. Under the German subsidy
scheme for individual measures, a percentage of the investment costs is subsidized for the installation of HP,
PEL, PV, STC, BAT, or for retrofitting components of the building shell to a maximum heat transfer coefficient
Umax (WALL: 0.2 W

mK , WIN: 0.95 W
mK , ROOF: 0.14 W

mK , FLOOR: 0.25 W
mK ).

2.2. Bi-Level model
To determine optimized subsidy schemes for modernization measures, a model is described which includes
the objectives and goals of the funding agency as well as the funding recipients. Between the funding agency
and the funding recipient exists a dynamic behaviour and their decision making process is intertwined. Within
the studies of game theory in economics, this market situation is known as the Stackelberg Competition. The
game consists of a leader and a group of follower. The leader makes an action which can be observed by
all followers. After that, the followers react with an action best suited for their needs. With regard to the
optimization of federal subsidy funding, the state takes the position as leader who decides about subsidy
shares for different renovation measurements and building owners are the followers who use the provided
subsidy share to minimize their total annualized costs.
As an assumption, the funding agency aims to minimize its use of paid subsidy funds and thus its costs. At the
same time, a CO2 goal is defined for the considered building stock and the funding agency has to provide at
least as much subsidy funds as needed to achieve the CO2 goal.
The decision variables of the funding agency are the funding shares provided for a device or a building shell
modernization measure and are denoted with ϕinv . The individual buildings decide for their best investment
strategy with the variables c inv (y) which derives from the solution of the lower problem (LowP). In addition, the
variable em(y ) obtained from the LowP is the amount of CO2 emitted, which must not exceed the parameter
emlim.



This results in the following form of the upper problem (UppP):

UppP : min ϕinv · c inv (y )
s.t.

em(y ) ≤ emlim

y ∈ argmin(LowP(ϕ))

(5)

In the above formulation, the decision variables of the UppP and LowP are multiplied and thus constitute a
non-linearity. To avoid this non-linear terms, the linearization following the approach of Liu et al. [11] is applied.
For this purpose, the variable ϕinv is mapped as a discrete interval KX with a step length KM and the binary
variable δk and the continuous auxiliary variable CXk are introduced. The equations describing the linearization
are displayed in equations 6a - 6e.

∑
k∈KX

δk ≤ 1 (6a)

CXk ≤ δk · M ,∀k ∈ KX (6b)

c inv − CXk ≤ (1 − δk ) · M ,∀k ∈ KX (6c)

CXk ≤ c inv ,∀k ∈ KX (6d)

ϕinv
min + (ϕinv

max − ϕinv
min)/KM

∑
k∈KX

k · δk = ϕinv (6e)

Using equation 6e, the auxiliary variable δk can be translated back to the original variable ϕinv . The UppP of
the BiOP can be represented using only linear terms and can be stated as follows:

UppP : min ϕinv
min · c inv + (ϕinv

max − ϕinv
min)/KM

∑
k∈KX

CXk

s.t.
em(y ) ≤ emlim

Equations (6a) − (6e)
y ∈ argmin(LowP(ϕ))

(7)

As there are still binary variables present in this model, a reformulation of the BiOP to a single-stage optimiza-
tion program using the KKT condition is not possible. Instead, the solution space of the LowP is discretized
and included in the UppP to formulate the optimization problem as a single-level model.
The result of a single-building optimization can be roughly divided into energetic renovation measures of the
building envelope, which improve the heating load of the building, and technology for heat generation, which
covers the heating load. Three levels are considered as renovation measures for the building components
WALL, WIN, ROOF and FLOOR. The heating load can be covered either by GAS, HP with back up EH or
PEL. Furthermore, the roof can be used for PV or STC. As a simplification, the roof area is divided into the
discrete steps no usage, half usage, or full usage. Within the cases of full usage PV, a further distinction is
made between the possibility to buy BAT or not. For the discretization of the solution space, all combinations
between the components are calculated and stored. The single building model is then reformulated making
use of the discrete combinations. A binary variable λi for each possible combination i indicates whether the
combination i is chosen as the optimal solution. Using the TACi and the investment c inv

i of the combination i ,
the optimization program of the single building model can thus be represented as follows.

LowP : min
∑
i∈K

λi (TACi − c inv
i · ϕinv )

s.t. ∑
i∈K

λi = 1

ϕinv ∈ argmin(UppP(λi ))

(8)

We use the following approach to resolve the bi-level structure of the BiOP: If only the constraints of the
LowP are included in the UppP, the optimizer selects a package of measures, thereby minimizing the funding
agency’s objective function. However, the selected package of measures is not necessarily the preferred
solution for the single building. To reflect this, equations are added using the Big M method to ensure that the
selected measures are also optimal for the single building with the current solution of the UppP. Assuming that



a combination i1 from the set of combinations K can be considered as the optimal set of measures. Then the
total cost minus the subsidies of combination i1 must be less than or equal to the total cost minus the subsidies
of any other possible combination i2 in K. Generalizing this constraint for any i1, i2 in K yields:

TACi1 − c inv
i1 · ϕinv − (1 − λi1 )M ≤ TACi2 − c inv

i2 · ϕinv ,∀i1, i2 ∈ K (9)

From equation 9 follows that λi1 can only take the value 1 if no other combination i2 ∈ K exists for which
there is a lower cost under the current solution ϕinv . Although equation 9 ensures that the optimal package
of measures is selected for the individual building, this formulation of constraints is not efficient. Since the
set K is iterated over twice, the number of constraints is quadratic to the possible combinations in K leading
to high computation time to generate the constraints of the optimization model. To counteract this, we use a
Cutting Plane Algorithm (CPA) and systematically add only the constraints that restrict the solution space. The
optimization problem is first initialized without equation 9 and a branch-and-bound algorithm (B&B) is started.
If an admissible solution is found, the combination i for which λi takes the value 1 is determined. If another
combination j ∈ K exists for which the total cost is lower than with i , the specific constraint is added, by which
the current solution i is no longer admissible. The flow of the CPA is outlined in algorithm 1.

Algorithm 1 CPA for iterative restricting the solution space
Initialize B&B
Solve LP-relaxation
if Solution i ∈ Z then

if TACi − c inv
i · ϕinv ≤ TACj − c inv

j · ϕinv ,∀j ∈ K then
Solution accepted

else
for j ∈ K : TACj − c inv

j · ϕinv ≤ TACi − c inv
i · ϕinv do

Add constraint:
TACi − c inv

i · ϕinv − (1 − λi )M ≤ TACj − c inv
j · ϕinv

end for
end if

end if

Since the funding agency wants to achieve a CO2 target for a stock consisting of different buildings, the set B is
defined which includes the different building types. Using the discretization of the single building optimization
presented in equations 10, the CPA presented in algorithm 1 and considering a building stock defined by the
set B, the BiOP can be reformulated as a single stage MILP by the following equations 10.

min
∑

b∈B
(
∑

i∈Kb

(ϕinv
min · λi ,b · c inv

i ,b ) + (ϕinv
max − ϕinv

min)/KM
∑

k∈KX
CXk ,b)

s.t. ∑
i∈Kb

λi ,b = 1 ,∀b ∈ B∑
b∈B

(
∑

i∈Kb

λi ,b · emi ,b) ≤ emlim∑
k∈KX

δk ,b ≤ 1 , ∀b ∈ B

CXk ,b − δk ,b · M ≤ 0 , ∀k ∈ KX , b ∈ B∑
i∈Kb

λi ,b · c inv
i ,b − CXk ,b − (1 − δk ,b) · M ≤ 0 , ∀k ∈ KX , b ∈ B

CXk ,b −
∑

i∈Kb

λi ,b · c inv
i ,b ≤ 0 , ∀k ∈ KX , b ∈ B

λi ,b, δk ,b ∈ {0, 1} ,∀i ∈ Kb, k ∈ KX , b ∈ B

(10)

2.3. Application at case study
2.3.1. Building stock data

The focus of this study is on the residential single-family house stock in Germany. The European TABULA [18]
project provides 12 archetypes that classify the German residential building stock based on the building’s en-
ergetic quality, with each archetype representing a specific age class of buildings. Since buildings constructed
after 2001 are assumed to already have good energy performance, they are not included in this study. To
achieve comparability, all buildings are assumed to have a heated net floor area of 150 m2 and three occu-
pants per household. The building geometry is parameterized based on the TABULA database, using relation



factors between net floor area and buildings shell components similar to Lauster et al [19]. Potsdam is chosen
as the location to represent a typical moderate German climate.
2.3.2. Inputs on building level

Different technical and economical inputs as well as time series data are necessary inputs on single building
level: Typical modernization measures and heat transfer coefficients for the different archetypes originate from
the TABULA typology [18]. Technical device efficiencies are obtained from manufacturer data, while the HP’s
behavior is modeled according to DIN V 18599 [20]. Emission factors of the energy sources originate from [21]
and [22]. General economic parameters are based on the past 10-year development and are presented in
Table A.2. Energy prices are scenario dependend and explained in section 1. Investment costs for building
shell retrofitting are obtained from IWU [23] and include fixed and area-related costs. Installation costs for
heating technologies are sourced from BDEW [24], while costs for PV and STC are from the online construction
database Sirados [25]. Device investment costs are derived from market research and include fixed and power-
related (for heating technologies) or area-related (for PV and STC) costs. Operation and maintenance costs
are presented as percentages of component costs. Hourly time series data for outdoor temperature and solar
radiation are obtained from the German Meteorological Service (DWD) [26] to account for the interaction with
the outdoor climate. Load profiles for domestic hot water and electricity demands are generated using the
RichardsonPy [27] tool and serve as hourly input data. These inputs are summarized in Appendix A.
2.3.3. Scenarios

Two scenarios are considered to estimate the impact of future changes in energy prices and emission factors.
The transition to renewable energy sources is expected to change the electricity mix, leading to fluctuations in
electricity prices and emission factors. Additionally, the pellet market is affected by demand changes and the
use of wood in other sectors. Therefore, scenario A represents the current market situation in Germany, while
scenario B considers prognosed energy prices and emission factors for the year 2030 [28]. For scenario A, the
emission factors for 2021 are based on current data, while for scenario B, the emission factor for electricity is
expected to decrease according to the German climate targets for the energy sector. A linear regression model
is used to extrapolate an emission factor for electricity from the grid in 2030. The emission factor for pellets
in scenario A is based on sustainable forestry practices in Germany [21]. However, Röder et al. [29] found
that the production conditions highly influence the emission factor of pellets. To account for possible increased
demand effects and non-sustainable forestry practices, scenario B assumes an emission factor of 100 gCO2

kWh for
pellets. Table 1 summarizes the assumptions for both scenarios.
Pehnt et al. [30] propose a system of emission classes to rate buildings based on their maximum CO2 emissions
relative to their living space. These classes range from A+++ for buildings emitting less than -10 kgCO2

m2 to H for

those emitting more than 60 kgCO2
m2 . To incentivize PV electricity feed-in, the system offers an emission credit

that can result in negative emissions. In this study, we adopt Pehnt et al.’s emission classes and investigate the
minimum required subsidies to attain classes A to C in average over all buildings. Therefore, the area-related
climate targets are multiplied by the living space and the numbers of buildings in the considered building stock.
Table 1 shows the resulting emissions targets A,B and C, which are the same for both scenarios.

Table 1: Energy prices Emissions factors in different scenarios

Scenario A Scenario B

Energy prices in EUR
kWh

Electricity 0.400 0.327
El. HP 0.350 0.246

Pellet 0.104 0.110
Gas 0.120 0.125

Emission factors in gCO2
kWh

Electricity 420 164
Pellet 36 100
Gas 202 202

Emission targets in Mil. tCO2

A 6.9 6.9
B 16.6 16.6
C 27.6 27.6

3. Results
The optimized subsidy strategy yields different outcomes based on the desired climate target of the funding
agency. Figure 2 (a) summarizes the optimized subsidy shares for individual measures for the emission targets
A, B, and C for both scenarios A and B. In addition to the subsidy rates, an analysis of the investments indicates



the effects of the subsidy schemes. Therefore, Fig. 2 (b) shows the annualized investment costs per emission
target and scenario divided into a bar for plant technology and a bar for shell measures.

Figure 2: Investment costs for plant technology (left bar) and insulation measures (right bar) for different
emission targets and scenarios

In the case of emission target A and parameters of scenario A, the unique subsidized technology is PEL with
an investment grant of 80 %. Under this funding rate, all building entities install PELs as their heat conversion
technology, making the investment in PELs the highest cost position for emission target A in scenario A. Pellets
are nearly climate neutral and given the emission factors of scenario A, lead to a significant CO2 reduction.
Compared to the heat generation by HP, pellet heat supply is cheaper, given the price assumptions of scenario
A. Moreover, due to the higher emissions factor of the current German electricity mix, the heat supply by pellet
leads to lower emissions per kWh than an alternative supply by HP. Besides the investment in PEL, Fig. 2
shows high investments in PV and BAT systems. Installing PV and BAT is advantageous in all buildings due to
the high electricity prices, resulting in cost savings in electricity supply by the means of PV and BAT. Therefore,
no subsidies for PVs and BAT are required. The investment in PELs leads to a decrease in emissions even
without any subsidies for shell modernization measures due to the low pellet emission factor. Even without
incentives, measures on the roof and ground floor are chosen in old buildings as they come with comparatively
low investment costs. In old buildings with poor insulation standards, the insulation of the outer wall is favorable
under the high energy prices of scenario A even without subsidy. Newer buildings refrain from modernizing
the building shell. However, the results of high penetration of PELs should be considered with regard to
demand effects and the associated increases in the pellet price and emission factor, as shown in scenario B
(see section 1). In scenario B, the optimal solution is to promote HPs with a 40 % investment grant, while
also providing subsidies for window replacement (60 % share) and wall insulation measures (20 % share).
The differences to scenario A can be explained by the lower electricity prices and emission factors and the
increased pellet emission factor making the HP the best option in terms of CO2 avoidance costs. Figure 2
shows high investments in HPs and PVs in this scenario. Electrification of the energy system of each building
achieves the emission target for emission target A. Investments in PV’s and BAT reduce costs from the building
owner’s point of view. To reach the ambitious emission target, investments in the insulation of the building
shell are necessary as Fig. 2 demonstrates. As wall insulation is highly effective in heating demand reduction,
it should be promoted to retrofit old building ages with poor insulation standards. As window replacement is



expensive in relation to energy and cost savings, its implementation must be promoted with subsidies of 60 %.
The results show that the subsidies for the building shell lead to modernization in older buildings with poor
insulation standards, while buildings with higher insulation standards refrain from renovation measures.
Optimization results for emission target B show similarities with regard to the subsidised technologies but
differ in subsidy shares and promoted renovation measures. In scenario A, the investment in PELs should be
promoted with a 60 % investment grant. Compared to emission target A, Fig. 2 demonstrates that the total
investment in PELs for emission target B is only a quarter of the investment in PELs for emission target A. The
PEL subsidy share of 60 % leads to PELs only being used in modern buildings, where the outer wall is not
retrofitted after the optimization. These modern buildings initially have a better insulation standard than older
buildings. In buildings with retrofitted outer wall, the investment in a GAS is preferred to the choice of a PEL
due to the low investment costs in combination with only slightly higher demand related costs. PVs and BAT
are again, like in all scenarios, chosen even without subsidies and lead to high emissions savings. Instead
of stimulating the investment in low-emission heat conversion technologies on a large scale, the energetic
modernization of the outer wall, the ground floor and the roof is promoted for emission target B in scenario A.
The increased subsidies lead to higher investments in insulation measures, especially for the insulation of outer
walls and the roof. Scenario B shows a different subsidy strategy for emission target B compared to emission
target A: HPs are promoted with a 20 % investment grant and STC with a 40 % investment grant. This subsidy
scheme leads to HPs being installed in all buildings except for old buildings with a low insulation standard,
where they operate with lower efficiency than in better insulated buildings. The reduction of the investment in
HPs amounts to 25 %. In older buildings with low insulation standards, GAS are installed. STC supports the
heat supply in buildings with GAS, where they can achieve relevant emission savings.
For emission target C in scenario A, the results show an optimized subsidy share of 60 % for PEL and 20 %
for FLOOR. In this scenario, the PEL only supplies older buildings with poor insulation standard, that do not
modernize the outer wall. The investments in PELs, therefore, decrease by more than half compared to the
results for emission target B. The lower share of PELs is replaced by GAS, resulting in lower investment costs
but higher emissions. The investments in PVs and BAT are the same as for emission target B. A subsidy share
of 20 % for floor measures ensures that all buildings undertake a floor modernization. The subsidy strategy
and investments for emission target C in scenario B are exactly the same as for emission target B. No feasible
solution seems to lie between emission target C and B.

Examining the amount of subsidies disbursed and the consequent emission avoidance cost can provide in-
sights into the efficient utilization of subsidy funds. Figure 3 illustrates the total annualized subsidies and the
CO2 avoidance costs for emission targets A, B, and C under both scenarios A and B. It is apparent that the

Figure 3: Total amount of annualized subsidies and emissions for different emission targets and scenarios

required subsidies increase significantly with more ambitious climate objectives. In scenario A, complete de-
carbonization of the building stock is achieved for emission target A, even if the climate target permits higher
emissions. The low emission factor of pellets in combination with an emission credit for electricity fed into
the grid, results in a balance of approximately zero emissions for the building stock. Compared to emission
targets B and C, the CO2 avoidance cost for target A are comparatively low due to the high emission savings.
For emission target B, the building stock’s emissions rise to 16.3 million tons of CO2 per year, while subsidies



decrease by 30 %. When aiming for emission target C, the emissions increase by one-third compared to class
B, while the costs decrease by two-thirds, leading to lower CO2 avoidance costs. Lower climate targets are
found to be more cost-effective in terms of emission savings. In scenario B, the emission targets B and C are
achieved with significantly lower CO2 avoidance costs than in scenario A. The use of heat pumps in combina-
tion with lower emission factors of electricity leads to cost-efficient emission reductions. In the region between
the emission targets C and B, only one optimal solution prevails over all others and leads to the same subsidy
strategy. The inference that ambitious objectives necessitate significant subsidies can also be drawn from the
results of scenario B.

4. Conclusion
This study introduces a BiOP for the optimal allocation of subsidies to achieve emission targets in a building
stock. The method is applied to the residential single-family house building stock of Germany. Results show
that an optimized strategy depends on aimed emission targets, energy prices, and emission factors of energy
sources. If sustainable forestry can supply pellets with low emission factors, the best strategy is to promote
PELs with high subsidy shares of up to 80 %. In combination with PV systems PELs can contribute to the
decarbonization of the building stock. As the investment in PELs and the associated investment grant is com-
paratively expensive, the optimized subsidy strategy for less ambitious climate targets provides lower subsidy
shares for PEL and additional subsidies for insulation measures for outer wall and floor insulation amounting
to 20 %. If the electricity mix improves as aimed by the government and predicted by recent forecasts, the
subsidy of HPs will be optimal in terms of minimized subsidy cost for emission reduction. High emission reduc-
tions must be promoted with a subsidy share of 40 % for HPs and accompanied by the promotion of window
replacement with 60 % and outer wall insulation with 20 %. For lower emission targets, the promotion of in-
sulation measures is not necessary. A subsidy rate of 20 % for HPs and 40 % for STCs which are combined
with GAS achieves significant emission savings. With the progressive expansion of renewable energies in the
electricity mix, funding agencies are advised to promote the electrification of heat supply through HP. These
incentives should be accompanied by incentives for building insulation in poorly insulated old buildings.
The method presented allows a detailed technical examination of the investment decision of different building
entities and proposes an approach for reformulating a bi-level problem with a lower-level MILP. The consider-
ation of MILP at both levels of the bi-level problem and the application to a stock of individual buildings, each
with its own decisions, is a novelty in the literature. The optimization program presented supports the decision-
making process for subsidizing various energy-related measures and can facilitate the decision-making pro-
cess of a funding strategy. When reformulating the problem into a one-stage problem, the solution space had
to be discretized. This discretization could lead to inaccuracies in the problem solution. In addition, a very
simple approach to mapping the building stock is used in this work. For the demonstration of the methodology,
this seems justified. Future work should attempt to achieve a more accurate spatially resolved mapping and
map the current state of modernization in buildings. A temporal resolution of the refurbishment process as well
as the inclusion of limited resources such as investment budgets or craftsmen’s capacities can be achieved by
the method. Demand effects, which could lead to rising energy prices, can only be taken into account by the
method through parameter variations.
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Appendix A Economical and technical Inputs

Table A.2: General Economical parameters and energy prices

Variable Value Unit
Observation period 15 a

Interest rate 0.02 -
Yearly el. price change 1.0388 -
Yearly gas price change 1.001 -
Yearly pel. price change 1.0158 -

Variable Value Unit
Yearly inflation 1.014 -
Energy tax gas 0.0055 EUR/kWh

Gas grid connection costs 118.7 EUR/a
El. grid connection costs 96.0 EUR/a



Table A.1: Economical Parameters Devices

Device Installation Cost Fix Investment Costs Variable Investment costs OM Cost
GAS 3,500 EUR 2,781.20 EUR 94.86 EUR/kW 2.5 %

HP Air 6,020 EUR 2,072.20 EUR 677.5 EUR/kW 2.5 %
Pellet 7,700 EUR 8,308.20 EUR 146.42 EUR/kW 5 %
STC 4,300 EUR 0.00 EUR 245.22 EUR/m2 1.5 %
PV 8,000 EUR 0.00 EUR 95.42 EUR/m2 1%

TES 0 EUR 460.00 EUR 608.6 EUR/m3 2%
BAT 0 EUR 2,500.00 EUR 709.4 EUR/kW 1%
EH 100 EUR 111.00 EUR 8.00 EUR/kW 3%

WALL Included in Fix. 3.3 EUR/(m) 112.2 EUR/(m2m) 0 %
WIN Included in Fix. -2.7 EUR/(m) 876.1 EUR/(m2) 0 %

ROOF Included in Fix. 2.8 EUR/(m) 39.1 EUR/(m2m) 0 %
ROOF Included in Fix. 1.8 EUR/(m) 63.0 EUR/(m2m) 0 %

Nomenclature

Abbreviations

BAT Battery

BiOP Bi-Level Optimization Program

DHW District Hot Water

FLOOR Ground floor insulation

HP Heat pump

GAS Gas boiler

KKT Karush-Kuhn-Tucker

MILP Mixed-Integer Linear Program

PEL Pellet boiler

PV Photovoltaic collector

ROOF Roof insulation

STC Solar thermal collector

TAC Total Annual Cost

WALL Outer Wall insulation

WIN Window replacement

BES Building energy system

Variables

Asol solar module area

cdem demand cost

c inv invest cost

rel ,sell revenue from feed-in electricity

r sub revenue from subsidy

Q̇nom
dev nominal heat output

x purchase decision variable

x retrofit
shell decision variable for renovation measure

ϕinv subsidy share

λ decision variable for measure pattern
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[10] Schütz T, Schraven MH, Remy S, Granacher J, Kemetmüller D, Fuchs M, et al. Optimal design of
energy conversion units for residential buildings considering German market conditions. Energy. 2017
Nov;139:895-915.

[11] Liu Z, Wang S, Lim MQ, Kraft M, Wang X. Game theory-based renewable multi-energy system design
and subsidy strategy optimization. Advances in Applied Energy. 2021 may;2:100024.

[12] Martelli E, Freschini M, Zatti M. Optimization of renewable energy subsidy and carbon tax for multi energy
systems using bilevel programming. Applied Energy. 2020 jun;267:115089.

[13] Prada A, Cappelletti F, Gasparella A. Optimization of government subsidization strategies for building
stock energy refurbishment. International Association of Building Physics (IABP); 2018.

[14] Zhou Y, Wang L, McCalley JD. Designing effective and efficient incentive policies for renewable energy in
generation expansion planning. Applied Energy. 2011 Jun;88(6):2201-9.

[15] Zatti M, Gabba M, Freschini M, Rossi M, Gambarotta A, Morini M, et al. k-MILP: A novel clustering
approach to select typical and extreme days for multi-energy systems design optimization. Energy.
2019;181:1051-63.
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Abstract:
The world crusade to close the electrification gap is coming to an end in most regions of the world. In recent
years the research in the area has concentrated on the development of planning methods to minimise the
cost of implementation. Although successful, the lack of focus on the complex dynamics that govern electricity
demand lead to over/under-sizing of technical solutions resulting in waste of resources and missed developing
opportunities. In this sense, this paper aims to propose an electricity demand model for rural communities
in Bolivia, based on an open-source bottom-up stochastic tool for load profile computation. The “energy suf-
ficiency” concept is used to ensure that people’s basic needs for energy are met in all the analysed cases.
Information from various sources, such as on-site surveys, databases and national reports were used to char-
acterise the main geographical areas in Bolivia and the relative specific categories of users. Specific load
curves generated with the model were used as inputs in a micro-grid sizing tool and the results were compared
with an approach using a demand analysis in less detail. Main results show that the model obtained is capable
of generating stochastic demand curves for single or multiple rural communities according to contextual par-
ticularities. Notably, the geographic location and the socio-economic characteristics have a significant impact
in the peak loads and the total demand. Considering small industries as an income generating activity can
increase in the peak load by about 45%, consequently, there is an economic impact when investing in the
solution.
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1. Introduction
The global effort to close the electrification gap has made significant progress in recent years moved by the
Sustainable Development Goal 7 [1]. However, much of the research in this area has focused on minimizing
the cost of implementation, often at the expense of considering the complex dynamics that govern electricity
demand in rural communities [2]. This narrow focus has led to the implementation of technical solutions that are
either oversized or undersized, leading to resource wastage and missed opportunities for development. [3, 4].
Therefore, it is crucial to develop planning methods that consider the specific contextual factors influencing
electricity demand in rural communities [5]. This approach ensures that technical solutions are adequately
sized and effectively meet the basic energy needs of the population [6]. In order to achieve this, the selection
of the optimal electricity supply strategy and the capacity of the local generation and storage system heavily
rely on the anticipated electricity usage. This demand is determined by both the shape and height of the hourly
load curve, as well as the overall energy consumption, as evidenced in [7].
According to the literature, there is a wide range of energy modelling tools with different scopes and capabilities
to support energy planning at different scales. However, it is clear that there are still challenges related to the
demand side, that need to be addressed [8]. Energy System models have demonstrated limited representativ-
ity of societal transformations such as behaviour of actors, transformation dynamics on time and heterogeneity
across and within societies, that could potentially have impacts in the demand side [9, 10]. Regarding to de-
mand estimation tools, [11] concludes that deterministic models for energy demand estimation are simpler to
comprehend and use, but the results they generate are inflexible and have limited information. Conversely,
stochastic methods require more resources and complex mathematical models but offer a more precise un-
derstanding of demand scenarios. In [12], the authors incorporated high-resolution demand estimation to an
energy planning process, however, there is still room to improve the level of detail in the estimation in sectors
such as productive activities.



Although there is no universally recognized definition for energy access, the literature frequently uses the term
to describe a scenario in which individuals have access to modern energy sources and affordable end-use
technologies [13,14]. It is worth noting that while facilitating access to improved energy carriers is essential, it
alone is inadequate for achieving broad-based poverty reduction and promoting socioeconomic development
[14]. In this regard, recent studies have examined the impact of incorporating energy sufficiency scenarios in
the context of electricity demand in Bolivia to estimate the amount of energy rural communities might need
[15]. The current research aims to contribute to this effort by calibrating a bottom-up stochastic tool that can
effectively capture the distinctive characteristics of the electricity demand in a developing country context.

2. Methodology
This section outlines the methodology employed to achieve the proposed objective. The approach encom-
passes four primary stages, as illustrated in Figure 1. In the first stage, an analysis was conducted on the
database containing historical electricity consumption per household situated in rural areas where the ru-
ral communities already possess access to electricity. Through this analysis, significant variables that affect
residential electricity consumption and typical monthly aggregate consumption ranges for each region were
identified.

Figure 1: Flowchart of the four-step methodology

The second stage involved developing tailored inputs for the RAMP model for the region under study. This was
achieved by considering the different sectors of energy consumers in the rural communities. The inputs for the
RAMP model were created using the data obtained from in site surveys from previous studies, which were then
cross-checked and replicated closely with the monthly aggregate consumption data acquired in the preceding
stage. National reports and standards were employed to construct the RAMP inputs for the remaining sectors.
The third stage focuses on the development of a tool for village load formulation based on RAMP model, to
utilize the tailored inputs created in the previous stage to generate stochastic load curves that are appropriate
for specific scenarios. The model is designed to incorporate the most critical variables identified in the first
stage. In the final stage of the study, the model is employed to generate load curves for rural communities
in developing countries based on different established scenarios. These scenarios involve communities with
different characteristics, thereby providing insights into how demand varies across diverse contexts.
2.1. A bottom-up stochastic tool for estimation of energy demand: RAMP
The RAMP tool is a stochastic model that operates from the bottom-up and is capable of generating load
curves based on user behavior. It is a valuable tool for exploring the demand of remote communities and
as an initial step towards sizing appropriate energy systems. The tool is built upon three layers: users, user
types, and appliances. The top layer involves defining various User types (such as households, commercial
activities, public offices, hospitals, etc.) based on the modeller’s discretion. The level of detail for each User
type can vary depending on the available information, for example, households can be divided into income
classes or building types for greater precision. The second layer involves determining the number of individual
Users associated with each User type, while the third layer focuses on the Appliances owned by each User.
This three-layer structure enables independent modeling of the behavior of each Appliance and the creation
of a unique load profile for each individual User within a given User type. Aggregating all independent User
profiles generates a total load profile that is different for each model run, replicating the unpredictability of



users’ behavior and producing a range of daily profiles. Further information about the model can be found [16].
In order to approach the reality of a community or region as accurately as possible, it is essential to conduct
a detailed characterization of its users. This is particularly important when studying the electricity demand of
communities that have yet to gain access to electricity, and it represents a significant challenge.

3. Case of study
3.1. The Bolivian Context
Bolivia, a South American nation, is yet to achieve complete electrification coverage across its entire territory.
However, universal access to electricity has been set as a national target to be achieved by 2025. As of
2018, the country had registered a national electricity coverage of 93 %, with 99% of urban areas and 80%
of rural areas covered [17]. According to a previous study, rural communities with fewer than 50 households
were mainly low-income and might not generate enough demand to make micro-grids economically feasible.
Furthermore, the dispersed nature of some of these communities complicates the installation of a local grid
[18].
3.2. Main regions of geographic importance
The rural communities in Bolivia are distributed throughout the country’s three geographic regions: lowlands,
valleys, and highlands. The National Agricultural Compendium [19] describes the characteristics of these
regions. The lowlands span over an area of 670,000 km2 and exhibit a diverse mixture of land uses, tenure
systems, and actors ranging from indigenous peoples to small-scale farmers and agro-businesses. The valleys
are situated between 1800 and 3000 meters above the sea level and are known for their narrow valleys, rough
terrain, and moderate climate. The highlands are defined as regions situated at an altitude exceeding 3000
meters above sea level, primarily located in the western part of the country, and inhabited by numerous remote
indigenous communities. Agriculture is a significant activity in all three regions, with temperature, precipitation,
and altitude serving as fundamental factors in determining the productive potential and production systems.
It is noteworthy that cultural disparities exist among these regions, which could potentially impact individuals’
attitudes and practices towards electricity consumption.
3.3. Rural community structure
The structure of the rural communities in Bolivia has been previously defined in [15], which comprises a resi-
dential consumption sector (RS), a community services sector (CS) and an income generating activities sector
(IGA).
The Electricity Authority’s 2020 Statistical Yearbook [20] indicates that the residential sector represents the
largest portion of national electricity demand (both in the National Interconnected System and in the Isolated
Systems), accounting for 43.56% of the total. This is followed by the industrial sector at 22.2%, the general cat-
egory at 18.8%, mining at 6.4%, and public lighting and other sectors at 9%. The 2016 National Demographic
and Health Survey in Bolivia [21] reveals the prevalence of various electrical appliances in households across
different regions of the country that are notably different. Community services aim to provide education, health
services, and clean water to the population, and common infrastructure for this purpose includes hospitals,
schools, drinking water supply systems, and sports facilities.
Income-generating activities (IGA) in Bolivian rural areas are primarily agricultural and livestock-based, with
78% of the employed population working in this sector [22]. However, non-agricultural activities also contribute
to the income of rural households, with 22% of the population engaged in manufacturing, sales and repairs,
and construction. Livestock activities are important sources for improving the income of rural households, with
more than 12% of rural household income coming from livestock activity and derived products. Agricultural pro-
duction has low productivity and generally faces low prices in the market, but self-consumption of agricultural
products provides food security for rural households [23, 24]. Different types of irrigation are used for agricul-
tural activities, and the transformation of agricultural products is an important form of economic diversification
in rural communities. Non-agricultural IGA’s vary by region, reflecting the characteristics of local idiosyncrasy.
Energy needs for IGA should not be neglected, as access to electricity can impact rural economies, with the
transformation processes of agricultural products representing an opportunity for growth and diversification.

4. Results and discussion
The results obtained from the characterization of rural communities and their energy consumer groups, which
were incorporated into the design of the tool, are presented in this section. Subsequently, the analysis of the
demand profiles generated with the model is presented.
4.1. Generation of tailored inputs for RAMP
The findings of the initial phase of the investigation reveal the impact of certain variables on electric power
consumption in rural communities that are connected to the main grid. The analysis of the database was
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Figure 2: Quartiles of electricity consumption of electrified households in rural areas.

initially developed by filtering the data of consumers in rural areas, classified in the three defined regions.
A correlation analysis was performed using variables such as percentage of poverty, geographic location,
proximity to roads, among others, corresponding to the municipality to which these residential consumers
belong. The results of this analysis show that the variables of impact on electricity consumption at a residential
level are: the geographic location or altitude and the household income.
To characterize and generate taylored inputs for RAMP, a range of information sources were utilized, including
site surveys, national reports, and databases. Site surveys conducted specifically for the purpose of generating
RAMP inputs for previous studies [25–27] were used as a point of reference, conducted in rural communities
such as El Espino, La Brecha, El Sena, and Raqaypampa, located in distinct geographical regions across the
country. Additionally, the 2012 Census national database [28] was employed, with demographic data projected
through 2025. To determine the variables with the most significant impact on energy consumption at the
national level, the electricity consumption database from [29] was utilized to validate variables that influence
electricity consumption.
4.1.1. Residential sector

The 2016 National Demographic and Health Survey in Bolivia [21] reveals the prevalence of various electrical
appliances in households across different regions of the country. Radios, televisions, and cellphones are the
most commonly used appliances in both low and high poverty municipalities, which are predominantly rural
communities. Refrigerators are more commonly used in low poverty regions of the lowlands compared to
the highlands, where temperatures are lower. Radios are more frequently used than TVs in high poverty
regions. Access to modern appliances is limited in high poverty regions [30]. Although different types of family
composition have been recorded among the communities, the average number of persons per household in
rural areas of Bolivia is 3.1, according to the 2016-2017 Household Survey [31].
To gain an overview of residential electrical consumption, it was possible to perform an statistical of the monthly
electricity consumption ranges that represent general behavior over the course of a year, using the mentioned
data base from [29]. This was achieved by computing the median of all percentile threshold values for each
month. By identifying the most representative consumption ranges in this way, as showed in figure 2, it is
possible to use them to characterize the electrical consumption patterns of low, middle, and high-income
households in all three regions under consideration.
Figure 2 highlights the significant regional disparities in electricity consumption. The harsh living conditions
in the highlands result in the lowest consumption rates. Conversely, the valleys have much higher electricity
usage than the highlands, typically consuming twice as much across all consumption ranges. However, it is in
the lowlands that the most substantial impact on overall electricity consumption is present, with values almost
twice as high as those of the valleys. The reason behind this effect relies on tend to use appliances to improve
the comfort due to high temperatures. Moreover, the use and energy consumption of refrigerators are also
influenced by these temperatures, as demonstrated in [32,33].
The findings of the study highlight the importance of taking into account the unique characteristics of dif-
ferent regions when modeling electricity usage in rural communities. By doing so, it becomes possible to
more accurately capture the diverse needs and behaviors of households across the country. However, it was
found that the difference in consumption between households was mainly driven by one appliance, namely
refrigerators. Therefore, the study focused on only two categories of residential users, high-consumption and
low-consumption, based on their overall electricity usage. The RAMP appliance configuration used in the study
was designed to adequately represent these behaviors, which were consistent with the results of on-site sur-
veys. This approach can help researchers and policymakers make informed decisions about energy planning



and management in rural communities, taking into account the specific characteristics and needs of different
regions.
4.1.2. Community Services Sector

To deliver community services, appropriate infrastructures are needed including hospitals, schools, drinking
water supply systems, sport facilities, public lighting and churches. government-mandated norms and stan-
dards for the community sector are uniform across the country, and as a result, altitude don’t have any effect
on the composition and characteristics of the energy users of this sector. This means that the list of appli-
ances and the usage patterns associated with each service will remain unchanged. The only variation across
different regions considered is in the behaviours of thermal appliances, which is determined by the average
temperature of the targeted area.
Therefore, the selection of various types of facilities took place using specific criteria for different services. The
criteria assumed for this methodology are described in the following sections for each type of facility considered
and summarized in Table 1a.

Table 1: Criteria for the allocation of a) community services infrastructure and b) IGAs in rural communities
according the population size of the communities

(a)

Infrastructure Criteria
1 Health post if 500-1000 inhab.
1 Health center if more than 1000 inhab.
1 Public lighting post per every 10 HH
1 Sport field if more than 500 inhab.
1 Church if more than 500 inhab.
1 Water supply system per every 100 HH
1 School A if less than 100 inhab.
1 School B if 100-500 inhab.
1 School C if more than 500 inhab.

(b)

Activity HL VA LL
1 Irrigation system 30HH 22HH 18HH
1 Transformation activity 200HH 200HH 200HH
1 Grocery store 25HH 25HH 30HH
1 Restaurant 30HH 30HH 30HH
1 Workshop 80HH 70HH 60HH
1 Entertainment center 100HH 80HH 60HH

4.1.2.1 Health facilities
For this infrastructure, the ”National Norm for the Characterization of Primary Health Care Facilities” [34] sets
guidelines and standards for its availability in rural areas, including infrastructure and equipment requirements.
For communities with a population between 500 and 1000, a ”health post” is mandated, while for those with
between 1000 and 10,000 inhabitants, a ”health centre” with the capacity for hospitalization is required. If
a community has fewer than 500 residents, it must be within a two-hour driving distance from both low and
high-capacity healthcare facilities. The equipment ownership data per facility type was collected from the norm
as well.
4.1.2.2 Educational facilities
With regards to education, three types of schools have been identified as the most common in rural areas,
based on community size. Type A schools are small multi-level establishments located in the smallest and
most remote communities with a population of less than 100 people. Type B schools have a larger number of
classrooms and offer a range of instruction from primary to secondary education, with double-shift operation for
communities with a population between 100 and 500. Type C schools are well-equipped educational institutions
that can accommodate a greater number of students, typically in larger villages near cities or major roads when
the population exceeds 500 [34]. Access to educational facilities remains a significant challenge for those living
in rural areas. For example, education coverage still stands at 73-83% in the lowlands, indicating that significant
improvements are still possible despite recent progress [34].
4.1.2.3 Drinking water supply systems
The type and characteristics of drinking water systems are influenced by the availability of water resources and
the terrain in which the community is located. However, a standard water supply system has been chosen for
each type of community in this study [35], as the modeling of these systems is not the primary focus. Future
research could aim on doing a more in-depth characterization of water supply systems, as they are crucial for
the health and well-being of rural communities, as emphasized by the Sustainable Development Goal 6 (SDG
6).



4.1.2.4 Public lighting and other community services
The presence of streetlights in rural communities is guided by the standards set forth in a document pub-
lished by the energy ministry [35], which provides guidelines for the implementation of energy access projects.
Accordingly, the guideline states that a streetlight must be installed for every 10 households in a community.
In recent years, the availability of sports facilities in rural communities has increased due to government health
policies, as the Supreme Decree No. 1868 of the 2014 testifies [36]. As a result, in this work is considered that
communities with a certain number of inhabitants will have this kind of community services.
4.1.3. Income Generating Activities

Income generating activities are defined as responsible for income increase or productivity growth. Neglecting
the energy needs of IGA increases the risk of energy marginalization in rural communities, leading to greater
energy inequality and a significant underestimation of the communities’ total energy needs [37]. This sec-
tor is divided into agricultural and non-agricultural activities. Non-agricultural activities include grocery stores,
restaurants, workshops, and entertainment businesses , while agricultural activities encompass irrigation sys-
tems and the processing of agricultural products.
As already done for the other two sectors, it is fundamental to explore how the three drivers influence the
modelling of IGAs. Naturally, agricultural activities are substantially influenced by altitude as it serves as a
crucial determinant for the viable sustenance of various plant and animal species [38]. Consequently, irrigation
and transformation activities are affected.
Non-agricultural IGAs are reflect the local idiosyncrasies of each region. For instance, certain areas in the
lowlands, like the Beni region, have a higher concentration of recreational and food businesses [39]. Taking
into account these regional variations is crucial for modelling, but it can also be a complex task due to the
limited availability of this type of data. For this reason, the empirical formulas presented in Table 1b are an
estimation that aims at capturing the frequency of appearance of these businesses, based on [39], [40], [41].
The level of UBN in a community determines the composition of its energy sectors. As already mentioned,
based on a specified level of poverty, the selection of IGA energy users follows the rules outlined in 2. Conse-
quently, each community IGA user will be included in the community structure only if a certain UBN threshold
is met.
In the other hand, the number of IGA users is influenced by specific regional criteria, but the overall number
is also considered proportional to the total population, which is calculated using an empirical formula. For
example, in the highlands, there is one grocery store for every 25 households, while in the lowlands, there is
one grocery store for every 30 households. The criteria assumed for this methodology are explained in the
following sections for each type of IGA considered and summarized in Table 1b.
4.1.4. Irrigation systems

In rural areas, there are various types of irrigation systems, some of which require electricity while others
do not. Most of the irrigation relies on flood-gravity techniques, which cover around 97% of the irrigated
land. However, there has been an increasing adoption of modern irrigation methods such as sprinkler or drip
irrigation, which account for the remaining portion. Based on the ”Irrigation Development National Plan” [42],
the majority of requested irrigation projects in rural areas are of micro or small typologies. To simplify the
analysis, it is assumed that rural villages are more likely to have small or micro systems that include an electric
pump and a drip irrigation system. It is also assumed that each system can cover up to ten acres of cultivated
land.
The total number of irrigation systems is determined by a function of the population, taking into account the
number of households and the region they belong to. This correlation is derived from a simple analysis of
irrigation system databases, specifically by studying the distribution of irrigation systems across Bolivia [43].
The variation in the number of irrigation systems aims to reflect differences in climatic conditions and rainfall
volume, as well as the significance of the agribusiness industry in the region. However, as the primary focus of
this study is not on modelling these systems, and due to the potential complexity of such task, it is suggested
that future research could explore deeper into characterizing these systems.
4.1.5. Transformation activities

Agricultural product transformation can boost economic growth, diversifying the source of income while in-
creasing the electricity consumption due to the need of processing equipment and machinery [44]. Among
governmental and non-governmental support programs, the provision of equipment is often included to sup-
port the processing. However even after access to electricity, the thriving of processing products remains
challenging.
In this context, one processing activity has been selected for each region and will only be introduced once
the energy sufficiency status is achieved. Extensive analysis, based on [38], was conducted to select relevant



processing activities for each region and for the national context. Therefore, Quinoa processing was selected
for the highlands, cereal processing for the lowlands, and a small-scale dairy industry for the valleys.
The seasonal behaviour of quinoa and cereals must be taken into account for these processing activities,
and therefore these activities are only modelled during the harvest period, which typically spans from July
to October [38]. Additionally, to determine the number of processing units, it was decided to introduce one
unit for every 200 households, based on [44], with the exception of the milk dairy industry, which has a fixed
assumed number of one unit. The details of all users defined and characterized for each zone, the appliances
associated with each of them and their use characteristics can be found in the repository https://github.

com/CIE-UMSS/RAMP_Bolivia.git

Figure 3: RAMP inputs creation per community

4.2. Estimation of Electricity Demand for Unelectrified Rural Communities in Bolivia
The model, which is based on RAMP, enables the generation of load curves for remote communities situated
within Bolivian territory. The inputs for the model include community size, altitude (which determines the region
in which the community is located), the proportion of high and low consumption (defined by the UBN), the
average number of people of a family. A summary of how the complementary model works to calculate energy
demand based on the mentioned data is shown in figure 3
The electricity demand for a year was simulated for four different scenarios in each region. The characteristics
provided by the complementary model for these scenarios, in the form of RAMP inputs, can be seen in the
Table 2, which represent four different states that theoretically improve living conditions since the percentage
of poverty decreases and the availability of community services is greater. Likewise, economic diversification
improves. The four archetypes where simulated for a community of 500 inhabitants in each one of the three
important regions.
Figure 4 illustrates the computed annual electricity demand for each scenario. The aggregate demand and
the participation of each sector within it can be observed. Notably, annual aggregate demand is higher in the
lowlands and decreases at lower altitudes. This is partly due to the behavior of residential demand, described
in section 4.1.1., and to the predominance of this sector’s demand in overall demand. On the other hand,

https://github.com/CIE-UMSS/RAMP_Bolivia.git
https://github.com/CIE-UMSS/RAMP_Bolivia.git


Table 2: Four scenarios considered for each community size.

N°
Poverty

(%)
Community Services Agricultural IGA’s Non-agricultural IGA’s

1 96 No community Services
No irrigation

or transformation
No commerce

2 90
Public lighting +

water supply system
No irrigation

or transformation
Grocery stores
+ restaurants

3 70
Public lighting

+ water supply system
+ school

Irrigation
Grocery stores
+ restaurants

4 53

Public lighting
+ water supply system

+ school + hospital
+ other community services

Irrigation
+ transformation

Grocery stores
+ restaurants
+ workshops

+ entertainment business

(a) Highlands (b) Valleys (c) Lowlands

Figure 4: Simulated yearly demand for rural communities of 500 inhabitants in the highlands, valleys and
lowlands of Bolivia

it can be observed that the share of IGAs in the aggregate consumption of the highlands reaches a higher
share because the production and transformation processes of typical products of these regions tend to be
more costly in terms of energy consumption. The demand corresponding to the community services sector
experiences a slight increase from region to region due to the thermal appliances owned by users within this
group.
Analyzing the peak loads showed in Figure 5, it can be observed that in the lowlands, the peak load reaches
about 28KW as opposed to the lowlands, where it reaches around 25KW. However, the main contribution in
both cases is made by the activities related to the transformation of products. Again, in the case of the IGAs
in the highlands, the contribution to the peak is higher due to the complexity of the equipment required in the
processes selected for the region.
Figure 6 shows an example of a load curve generated for a community in the lowlands using RAMP. It is
possible to appreciate the stochasticity with which the 365 daily profiles (one year) are generated, from which
an average daily load curve is computed. The peak load range is observed between 12 noon and 6 p.m. in
this case.

5. Conclusion
The estimation of electricity demand in remote communities is a crucial yet challenging task for energy plan-
ning. This study aimed to calibrate a bottom-up stochastic tool to generate load curves for rural communities
in Bolivia. Although previous research has recognized the need to improve demand analysis processes, they
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Figure 5: Simulated peak loads for rural communities of 500 inhabitants in the highlands, valleys and lowlands
of Bolivia

Figure 6: Average load curve computed with RAMP for a community with a population of 500 people in the LL,
with scenario 4 characteristics (according Table 2)

have rarely considered energy use related to income-generating activities. Additionally, demand phenomena
are strongly linked to contextual factors, requiring careful calibration and adjustment processes. However, the
RAMP tool proved to be a powerful tool in capturing specific features of the zones under study to formulate
adequate load curves. The biggest challenge remains obtaining accurate calibration information.
Exploring energy demand across consumer sectors and rural communities can provide useful insights for
energy planning towards universal access. The proposed model enables the calculation of rural communities’
demand using critical characteristics such as size, poverty rate and altitude. The study successfully simulated
demand for rural communities from various regions of Bolivia, capturing the particular characteristics that
highlight the main differences between the regions in terms of peak loads and aggregated demand. This study
emphasized the high impact of geographical location on energy use and the electricity needs for productive
uses, which depend on regional potential. Future work includes improving the model for serial computation of
the demands of multiple rural communities.
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Nomenclature
LL Lowlands,

VA Valleys,

HL Highlands,

IGA Income Generating Activities,

PL Public Lighting,

RS Residential sector,

RS Community Services,

UBN Unsatisfied Basic Needs

HH Households,
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Abstract:
To achieve the climate goals, the European Union needs to increase the renovation rate of buildings from 1
to 3 %. In owner-occupied buildings, financial incentives for renovation are motivated by energy cost savings.
However, 30 % of all Europeans live in rented property, where conflicting stakeholder interests arise. Land-
lords are responsible for renovation decisions on the building envelope and the energy system as well as the
corresponding investments. Tenants, for their part, face rising rents as investments are apportioned and only
slightly benefit from falling utility costs. Literature calls this conflict the landlord-tenant dilemma. However, ex-
isting publications lack a precise quantification of the conflict, and little is known about the effects on technology
choices and the heat transition. To address this gap, we incorporate the different perspectives of landlords and
tenants in a model-based approach for optimized technology choice in form of a mixed-integer linear program.
We compare optimal individual technology choices against the total cost optimum for renovations decisions.
Additionally, we examine how changes in the regulatory framework affect the landlord’s technology choice.
Thereby, we consider the regulatory framework of Germany because of a comparatively low home ownership
rate of 49 %. On this basis, we assess the technology choice of different stakeholders in terms of its impact
on costs and emissions. Our study reveals that total costs and emissions are up to 29 % and 143 % higher for
landlords deciding for rented houses compared to owner-occupied properties. Current approaches to solve the
dilemma, such as tenant electricity and an energy-differentiated reference rent, could lead to the replacement
of technical equipment and favor the development towards a climate-friendly energy system. However, the
renovation of the building envelope is only partly considered in decisions of landlords, and operating costs are
completely disregarded. As a result, tenants are the most burdened within the transition to a climate-neutral
building stock.

Keywords:
Landlord-tenant dilemma; Renovation; Multi family houses; Optimization; MILP; Emissions; Costs.

1. Introduction
The building sector is responsible for 36 % of the greenhouse gas emissions in the European Union (EU) [1].
To achieve the set climate goals, e.g., a climate-neutral building stock by 2050, an increase of the renovation
rate of buildings is required. While the European Commission is aiming for an increase in the renovation rate
from an average of 1 % to 2 % [2], recent studies assume a minimum renovation rate of 3 % necessary to
achieve the climate targets [3]. In addition to the renovation of the building envelope, a transformation of the
building energy system is needed to defossilize the heating sector.
This transformation involves considerable costs for renovation measures, and the question of who pays for the
heat transition arises. Especially in rented property, where 30 % of all Europeans live [4], conflicting stakeholder
interests and the challenge of an appropriate cost distribution between the landlord (owner) and the tenant
(user) arises. Landlords are responsible for the renovation decisions on the building envelope and the energy
system, as well as the corresponding investment, but will not benefit from future energy cost savings. On the
other side, tenants face raising rents and often only slightly decreased energy costs. This causes the so-called
landlord-tenant dilemma, which involves two major challenges concerning the landlord’s decisions:

1. Missing incentives to invest in renovation measures

2. No interest in renovation decisions that lower operating costs for tenants

Based on these issues, a third problem arises:



3. Lack of emission reductions and incentive to reach the climate targets

To achieve the climate targets, it is therefore essential to resolve these challenges. This means incentiviz-
ing investment decisions by landlords that simultaneously contribute to a favorable solution for tenants and,
furthermore, do not contradict the climate goals.
In comparison with other EU countries, Germany has the largest rental share in the residential building stock
of 51 % [4]. In regard to the landlord-tenant dilemma, Germany has introduced a retrofitting fee (RF). This fee
is supposed to refinance the investments in renovation measures by allocating a proportion of the investment
to the tenants. However, the RF leads to further problems, as its determination is only cost-based and the prof-
itability depends strongly on the development of market rents [5]. In addition, the cost-based calculation results
in an increase in base rents (rent without energy costs) for which tenants are not necessarily compensated
with reduced energy costs [6].
As a further step, Germany has introduced the Tenant Electricity (TEL) Act in practice, which is intended to
simplify the sale of self-generated electricity from landlords to tenants. In addition, literature proposes different
approaches to resolve this dilemma. A promising solution is an energy differentiated (ED) local reference rent
(LRR) [6–8]. According to the German Civil Code (BGB) landlords in Germany have the right to increase the
rent up to the LRR, irrespective of any renovation decision. Taking into account energy related attributes of
buildings within an ED LRR could lead to renovation decisions that actually reduce energy demand and green
house gas emissions and therefore, simultaneously costs.
Although this approach seems promising, most publications focus on qualitative studies on the landlord-tenant
dilemma and its solutions and lack precise quantification of it. Therefore, little is known about the associated
technology choices of landlords and the consequences for tenants. This further implies, literature has not
yet investigated the specific impact of the dilemma on the heat transition. To address this gap, we develop a
model-based approach in from of a mixed-integer linear program (MILP) to perform a holistic investigation of
the conflict and the possible solutions by TEL and an ED LRR.
The developed optimization model is based on an existing MILP, that includes renovation measures of the
building envelope and the building energy system [9]. As Germany is the country with the highest share of
rented property in Europe, we extend the model by the respective legal framework of Germany for this study.
Additionally, we incorporate the different perspectives of the stakeholders and compare individual technology
choices with the total cost optimum and emissions of an owner-occupied building. With this framework, we
close the current research gap by answering the following questions:

• How does the building owner’s renovation decision differ between owner-occupied and rented buildings
based on current regulations?

• Do TEL or an ED LRR solve the dilemma?

• What is the impact of the landlord-tenant dilemma on the heat transition?

2. State of the art
2.1. Landlord-tenant dilemma in literature
The landlord-tenant dilemma has been studied in various research disciplines, whereby economic, legal, and
social science as well as engineering approaches can be identified. Table 1 provides an overview of the
different research disciplines and their consideration of relevant aspects related to the landlord-tenant dilemma.
The evaluation reveals three relevant aspects - building calculation, rental law and other legal framework. With
regard to the building calculation, the literature overview denotes whether the studies consider renovations of
the building envelope and the building energy system and the studies’ level of detail in the building modeling.
The area of rental law focuses on whether rent payments and the RF or the LRR and therein specifically
ED features are considered. Furthermore, the overview lists whether requirements from the Building Energy
Act (GEG), subsidies, CO2 price allocation, feed-in tariffs and TEL are taken into account.
Studies from economics [7, 8, 10, 11] and legal science [6, 12, 13] focus on the current rental law and neglect
a precise building calculation. The analyses from social science mostly show a detailed consideration of the
stakeholder’s willingness to pay and some individual aspects of rental law, but strong simplifications in other
aspects [14–17]. Engineering approaches represent actual refurbishment options on the building envelope
and building energy systems with varying degrees of accuracy in building modeling [18–20]. However, these
models widely disregard the applicable rental law. In addition, all considered publications only occasionally
address aspects of other related legal frameworks (e.g., GEG or CO2 price allocation).
This literature review demonstrates that scientific publications so far mostly focuses on individual topics instead
of combining all relevant aspects related to the landlord-tenant dilemma. For instance, Braeuer et al. [19]
examine TEL in terms of its profitability for the landlord, but neglect rental payments. Henger et al. [5, 8]
and Mellwig et al. [11] extensively address the rental law and further combine it with subsidies, but disregard



Table 1: Landlord-tenant dilemma in literature.
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a specific examination of the building and some regulations (e.g. GEG and TEL). Since these topics are
interdependent we close this gap by developing a comprehensive optimization model taking into account all
mentioned aspects within this study.
2.2. Solutions to the landlord-tenant dilemma
In 2017, the TEL Act came into force in Germany with the aim of creating incentives for landlords to invest in
systems for the self-generation of electricity. Moreover, the reviewed literature proposes a variety of further
possible ways to resolve the landlord-tenant dilemma (see Tab. 2). The most frequently referenced solutions
in literature are an adjustment of the current RF, an ED LRR, and the so-called one-third model.
For an adjusted RF, literature suggests an RF that is no longer solely dependent on the cost, but rather on
energy savings. The aim is to prevent landlords from benefiting from increasing the costs of renovations.
The ED LRR aims for a similar goal. A higher LRR for climate-friendly energy systems is intended to create
incentives for renovation decisions that are favorable for all stakeholders and the climate targets. The one-
third model was first presented by Mellwig et al. [11]. The model states that the costs of an energy-efficient
renovation should be equally allocated between landlords, tenants, and the state.
Among the suggested solutions ED LRR is the only proposed solution that already has a legal basis in the
context of the rental law in Germany. Moreover, current political efforts with a law to reform the rent index law
indicate that LRRs will play a central role in the future. However, in the reviewed literature, ED LRRs have not
been quantitatively addressed yet. Therefore, we contribute to literature by applying the developed optimization
model to address the question on whether or not an ED LRR represents a possible solution to the landlord-
tenant dilemma. Also, very few have examined the impact of TEL on the landlord’s renovation decision [19].
Therefore, we combine both solutions to show their effects and dependencies.

Table 2: Overview of presented solutions for the landlord-tenant dilemma

Approach Source
Adjustment of the retrofitting fee (RF) [7], [8], [10], [13], [12], [17]
Energy differentiated local reference rent (ED LRR) [7], [8], [6]
One-third model [11], [8], [12], [17]
Energy and climate fund model [5], [8]
Separate surcharge on cold rent [6], [12]
Differentiation of subsidies by landlord type [17]
Obligation to renovate [17]



3. Method
3.1. Optimization framework
We extend an existing MILP for design and operational optimization of residential buildings. For a complete
documentation of the initial model, we refer to Schütz [21]. Figure 1 presents all aspects of the extended MILP.

Optimization model and input data
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Figure 1: Overview of the optimization model and its decisions and objectives.

3.1.1. Objective functions

The objective of the model is to find a cost-optimal technology choice at the beginning of a specified time
period from different perspectives. The annuity serves as economic metric [22]. Table 3 illustrates the relevant
financial contributions for the respective stakeholders. Costs are marked with a minus sign (-), revenues with
a plus sign (+) and no consequences with an empty field ( ). Investments, installation costs and subsidies are
incurred at the beginning of the period under consideration. Maintenance costs, consumption costs, emission
costs, metering costs, feed-in revenues, rental payments and TEL payments are incurred annually. A price-
dynamic present value factor is determined to reflect price changes, except for rental payments. For the latter
the cost for tenants for each year (y) are obtained by multiplying variable specific rental payments crent

y with
the living area (A) and discounting it to the starting point by q. The annualized rental payments crent

ann are
then determined by applying the capital recovery factor (CRF) to the sum of yearly rent payments over the
considered time period T (1).

crent
ann = (

∑
y∈(1,...,N)

crent
y · 12 · A

qy ) · CRF (1)

Table 3: Overview of the costs of the objective function

Category Owner-occupied Landlord Tenant
Investment - -
Installation - -
Maintenance - -
Consumption - - -
Emissions - - -
Metering - -
Feed-in/ self-consumption surcharges + +
Subsidies + +
Rent + -
TEL* (+) (-)
*only if TEL is applied



3.1.2. Decision variables

As a result of the optimization, the model decides on the cost-optimal combination of the building envelope
and the energy system design and operation. Thereby, we consider various renovation measures, which can
be combined in any way. For the facade, the roof and the windows four levels with increasing insulation
standard can be selected independently. Regarding the energy system we consider boilers (BOI), combined
heat and power engines (CHP), air source heat pumps (HP), electric heaters (EH), solar thermal collectors
(STC), photovoltaics (PV), thermal energy storages (TES) and batteries (BAT). In case of optimized costs in a
landlord-tenant relation, the MILP also determines how the rent can be increased according to regulations. For
the rent development, the two rent increase mechanisms LRR and RF are available (see subsubsection 3.1.3.).
3.1.3. Optimization model and input data

Building and energy system
The building and energy system models are provided by the existing MILP. The thermal behavior of the building
is described by a 5R1C model based on DIN EN ISO 13790 [23]. The 5R1C model summarizes the entire
building into one thermal capacity and five thermal resistances. The whole building is modeled as one thermal
zone with central heating. Building data for the initial building standard is taken from TABULA typologies [24].
To determine the size of the initial energy system, the standard heating load according to DIN EN 12831-1 is
used with with a set indoor temperature of 20 ◦C.
To derive the external influences due to ambient heat and solar irradiation, local weather data from the Ger-
many’s National Meteorological Service are applied [25]. In this work, hourly resolved ambient temperatures
and solar irradiances for average years are used. The method of Richardson et al. serves as a basis for the
definition of electricity demand profiles [26]. Profiles for domestic hot water are retrieved by combining the
presence profiles according to Richardson et al. with the domestic hot water profiles according to Beausoleil-
Morrison [27]. In each case, the load profiles take into account that the peak demand grows degressively with
the number of households, since a temporal distribution of the loads takes place.
Regulations and economic boundary conditions
With regard to the rental law, we implement regulations for rent increase, specifically the allowed rent increase
mechanisms for the LRR according to § 558 BGB and for the RF according to § 559 BGB. The combination of
both mechanisms is integrated based on a German Federal Court of Justice ruling [28]. For both mechanisms,
we only consider existing tenants, as more extensive regulations apply to new tenants (e.g., rent control - see
§ 556d BGB). The RF allows the costs of renovation measures to be passed on to the tenant in the amount of
8 % of the investment. The LRR, which is determined every two years, is specified in rent indices and reflects
the rent for comparable residential spaces. The landlord may increase the rent in accordance with the housing
characteristics in particular location, size, type, features and quality.
The review of current literature reveals an ED LRR as one promising solution for the landlord-tenant-dilemma.
To evaluate the impact, we implement an LRR with ED and without ED. The ED LRR in this work is based on
the final energy demand for heating and domestic hot water as defined for the building energy pass (§§ 79-88
GEG). Other types of energy differentiation are possible and used in practice [29,30]. However, the final energy
demand must be determined after renovation measures and allows for a standardized comparison of buildings.
The binary variable xlev indicates which LRR level (lev) has to be applied based on the achieved final energy
demand Qfin

tot (4). Thereby, each energy quality level has a maximum final energy demand Qfin
lev and only one

energy level can be chosen (4). The corresponding LRR c lrr
y is selected from the available LRRs clrr

y ,lev (3). The
variable xswitch

y indicates whether the LRR is applied in the respective year if the RF was previously used. The
switch is only possible once since the RF becomes part of the newly determined rent (5).

Qfin
tot ≤

∑
lev∈L

Qfin
lev · xlev (2)

c lrr
y =

∑
lev∈L

clrr
y ,lev · xlev ∀ y ∈ (1, ..., T ) (3)∑

lev∈L

xlev ≤ 1 (4)

xswitch
y ≤ xswitch

y+1 ∀ y ∈ (1, ..., T − 1) (5)

For the allowed combination of the LRR and the RF, we distinguish whether a switch from the RF to the LRR
has occurred using the big-M method with the binary xswitch

y . If the RF is applied, the base rent is the rent
of the previous year crent

0 (year 0 before the start of the period under consideration) or the initial LRR of the
unrenovated state c lrr,init

1,lev and the RF is charged on top (6). Alternatively, the rent can be increased according to
the LRR of the refurbished condition (7). The calculation of the RF crf is based on 8 % of the investment minus
received subsidies.



crent
y ≤ crf + max(crent

0 , c lrr,init
1,lev ) + M · xswitch

y ∀ y ∈ (1, ..., T ) (6)

crent
y ≤ x lrr

y + M · (1 − xswitch
y ) ∀ y ∈ (1, ..., T ) (7)

For both rent increase mechanisms, independent capping limits must be respected. The capping limit for
the LRR consists of a maximum percentage rent increase within three years (§ 558 Art. 3 BGB). The capping
percentage clrr

limit depends on the local housing market (8). The capping limit of the RF consists of an absolute
rent increase value per m2 (§ 559 Art. 3a BGB). The capping limit crf

limit is dependent on the rent before the
application of the RF (9) and is constrained by (10). By (11) and (12) we take into account the independence
of both capping limits.

clrr
limit =

{
0.15 if tense market
0.20 if no tense market

(8)

crf
limit =

{
2 e

m2 if max(crent
0 , c lrr,init

1,lev ) ≤ 7 e
m2

3 e
m2 if max(crent

0 , c lrr,init
1,lev ) > 7 e

m2

(9)

crf ≤ crf
limit (10)

crent
y ≤ crf + clrr

limit · crent
y−3 + M · xswitch

y ∀ y ∈ (1, ..., T ) (11)

crent
y ≤ clrr

limit · crent
y−3 + M · (1 − xswitch

y ) ∀ y ∈ (1, ..., T ) (12)

For the modeling of the basic structure of the subsidies, we refer to the original model [21]. In this study, some
new regulations are added and existing parameters are changed according to current standards. Thereby,
we take into account current subsidies for efficient buildings from BEG in form of single measures and the
overall building efficiency. The BEG single measures, among other measures, subsidizes the installation of
HPs, STCs, TESs and the insulation of the facade, the roof and the windows. Regarding the overall building
efficiency, BEG subsidizes the achievement of certain efficiency house levels based on specified values for the
annual primary energy demand and the specific transmission heat loss. Further, GEG prescribes U-values for
the facade, the roof and windows that must be achieved as a minimum in the case of renovations (§ 48 GEG).
Alternatively, limit values for the annual primary energy demand and the specific transmission heat loss after
renovation must be met (§ 50 GEG).
Since 2023 the CO2 costs of fossil energy solutions are split between landlord and tenant based on a distri-
bution scheme considering the specific emissions [31]. The higher the CO2 emissions relative to the heated
living space, the higher the landlord’s share of the costs.
Owners can profit from the feed-in and the self-consumption of PV and CHP power. According to the Re-
newable Energy Sources Act (EEG), PV feed-in is remunerated for 20 years (§ 25 Art. 1 EEG) depending on
the installed capacity (§ 48 Art. 2 EEG). CHP feed-in is regulated by the CHP Act (KWKG) and remunerated
for 30,000 full load hours (§ 8 Art. 1 KWKG) depending on the installed capacity (§ 7 Art. 1 KWKG). The CHP
remuneration includes the average price for base-load electricity (CHP-index) [32] in addition to the federal sur-
charges. For the self-consumption of PV power, we consider the option of a TEL between landlord and tenant.
In this case, the German Energy Act (EnWG) states that the landlord acts as the electricity supplier for the
tenant with a price cap of 90 % of the respective basic supply tariff (§ 42a Art. 4 EnWG). In addition, the federal
tenant electricity surcharge is granted (§ 48a EEG). The CHP self-consumption is remunerated regardless of
a tenant electricity contract (§ 7 Art.2/3 KWKG).
3.2. Use case
We apply the developed model for two typical multi family houses (MFHs) according to TABULA. Table 4
presents the specifications for both buildings, which mainly differ in the construction age and thus also in their
energetic quality (e.g., heat demand and building envelope). The energy system of the initial building consist
of a gas BOI with low efficiency (82 %) based on data from TABULA. Since Hamburg is considered a good
example in Germany for the implementation of an ED LRR as described in 3.1.2., we choose Hamburg as the
location for our study [33]. Here, LRR levels are determined by dividing the final energy demand into five levels
(0-4). MFH D (MFH H) is classified into level 0 for a final energy demand above 167.7 kWh/m2 (84.3 kWh/m2)
and in the highest level 4 for final energy demands below 121.0 kWh/m2 (48.5 kWh/m2). This results in an
LRR dependent on the energetic level between 7.06 and 9.88 C/m2 (6.30 and 10.30 C/m2). Table 5 provides
information about energy tariffs and assumptions about revenues from feed-in electricity. General economic
parameters, e.g., for energy prices developments, and prices for all considered technologies are listed in the
appendix A. For improved solving times, we apply a k-medoid clustering after Domı́nguez-Muñoz et al. [34]
and solve the problem for four representative days with a MIP gap of 0.5 %.



Table 4: Use case: MFH D and MFH H from TABULA

MFH D MFH H
Construction period 1949-1957 1984-1994
Living area 575 m2 707 m2

Apartments 9 10
Annual heat demand 210 kWh/m2 115 kWh/m2

Nominal heat load 61 kW 43 kW

MFH D MFH H
BOI 74,2 kW 52,0 kW
TES 45,6 kWh 56,1 kWh
Facade (F) 1,2 W/(m2K) 0,6 W/(m2K)
Roof (R) 1,6 W/(m2K) 0,4 W/(m2K)
Window (W) 3,0 W/(m2K) 3,0 W/(m2K)

Table 5: Energy prices from the end of 2022 (Scenario 1) and predictions for 2030 (Scenario 2) [35] (left).
Assumptions for feed-in of CHP and PV electricity (right).

Prices Scenario 1 Scenario 2 Unit
Gas price 0.2004 0.125 C/kWh
El. price 0.4007 0.327 C/kWh
CO2 price 0.03 0.105 C/kg
Revenue MFH D 35240 33238 C/year
landlord* MFH H 43181 42327 C/year
Cost MFH D 69467 64240 C/year
tenant* MFH H 70150 66735 C/year
*initial state

Revenues Scenarios Unit
CHP index feed-in 0.1928 C/kWh
CHP feed-in 0.044 - 0.016* C/kWh
CHP self-consume 0.015 - 0.08* C/kWh
PV feed-in 0.082-0.109* C/kWh
PV self-consume 0.0167-0.0267* C/kWh
*dependent on the installed power

4. Results
4.1. Effects of the landlord-tenant dilemma
In a first step, we analyze how the renovation decision of the building owner differs between owner-occupied
and rented buildings. Therefore, we first consider the use case without any of the suggested solutions to the
landlord-tenant dilemma (ED LRR or TEL). Figure 2 compares total annual costs and emissions of the initial
state with the owner-occupied building and a landlord-tenant relation for MFH D (left) and MFH H (right). For
comparability, only the costs that correspond to the owner-occupied building are shown (see Tab. 3), hence
rent payments, although they are considered in the landlord’s decision, are not illustrated. It becomes obvious
that for both buildings the landlord’s decision is worse than the decision in an owner-occupied building in
terms of costs and emissions. For MFH D for example, the owner of an owner-occupied building chooses a
HP in combination with an EH and a PV. Further, the decision leads to an increased insulation of the roof
(R), which lowers the total energy demand by around 16.7 % compared to the initial state. In contrast, the
landlord of a rented property chooses a hybrid system consisting of a BOI, a HP and an EH. Compared to
the owner-occupied building this is not only more expensive when comparing total costs (+29 %) over the
considered lifetime, but also causes higher emissions (+123 %). Instead of a hybrid system, the landlord of
MFH H only chooses a BOI, which leads to increased costs (+22 %) and high emissions (+143 %) compared
to the respective owner-occupied building.

Figure 2: Renovation decisions for owner-occupied and rental buildings within price scenario 1.



Regarding the landlord-tenant dilemma, it can be concluded that although the landlord decides to replace the
energy system, the favorable renovation of the roof is omitted for both considered use cases. This illustrates
that there is no incentive for a landlord to invest in the building envelope and thus to decrease the energy
demand (problem 1). Moreover, our results show that for both buildings the landlord decides on an energy
system, which is not optimal in terms of total annual costs and emissions compared to the total cost optimum
of an owner-occupied building (problem 2 and 3).
4.2. Solutions to the landlord-tenant dilemma
Based on the depiction of the landlord-tenant dilemma, we examine solutions proposed in the literature and, in
some cases, already used in practice. Figure 3 shows the effect of an ED LRR without the application of TEL
for two pricing scenarios for 2022 and 2030 (1 and 2). We find that in all scenarios with ED (w ED) compared
to the scenarios without ED (w/o ED) an electrification of the energy system takes places by choosing an EH
and/or an HP instead of a BOI or a CHP. This leads to decreased emissions, ranging from savings of only
1.6 % for MFH D to 51.9 % for MFH H in price scenario 1 (2022). Besides the different energy systems, in case
of MFH H, the landlord also decides to renovate the roof to the highest energetic standard.
In terms of costs, the results show differences in revenues for the landlord and costs for the tenants compared
to the respective initial status. Because of the ED, landlords can increase the rent more if a lower final energy
demand is achieved. Thus, in scenarios with ED the landlord decides on renovation measures that lead to the
highest level of energetic quality (level 4), enabling the highest rent increase. This results in higher revenues for
the landlord, as well as higher cost for tenants, since the rent increase is not compensated for by lower energy
costs, within all scenarios. Within price scenario 2 (2030), we can observe the highest increase in revenues
for MFH D (+100.8 %) and in costs for MFH H (+54.3 %).

Figure 3: Renovation decisions in a landlord-tenant relation without (w/o) and with (w) ED LRR for price
scenarios 1 and 2 (without TEL).

Regarding the landlord-tenant dilemma we see a slight reduction in the severity of the first problem of missing
incentives for investments of the landlord, e.g., partly renovation of the roof of MFH H. In addition, the landlord
invests in climate-friendly technologies (problem 3). However, due to high electrification combined with only
minor measures on the building envelope, this could lead to an overload in the power grid during peak loads in
the future. Referring to the second level of the dilemma, the tenant is burdened with significantly higher costs.
Thus we can even observe an intensification of the second problem.
Finally, Fig. 4 presents the combination of ED LRR with TEL. In contrast to Fig. 3, the results reveal that
TEL leads to the investment in PV in all considered scenarios. However, in the scenarios without ED (w/o ED)
the owner’s decision leads to mainly fossil based technologies for the remaining energy system. The energy
system of MFH D, besides a small HP, mainly consists of a CHP as the landlord is able to sell the produced
electricity to the tenants. In the case of MFH H, the landlord solely chooses a BOI. Although all scenarios have
a PV, compared to the results without TEL that leads to higher emissions of up to 40.8 % for MFH D in price
scenario 1 (2022).
Combining TEL with ED LRR, again a defossilization of the energy system takes place. Compared to Fig. 3
the emissions in the scenarios with ED are only higher for MFH D in price scenario 2 (+3.1 %). For all other



Figure 4: Renovation decisions in a landlord-tenant relation without (w/o) and with (w) ED LRR for price
scenarios 1 and 2 (with TEL).

scenarios the combination of both solutions leads to favorable results in terms of emissions (up to 5.6 % for
MFH D in price scenario 1) compared to the single approach of ED LRR. In terms of cost allocation, revenues
for the landlord and costs for tenants are again significantly increased under the combined approach compared
to the initial state. However, in comparison with the exclusive application of energy differentiated LRR, the
landlord’s revenues and the tenant’s costs are slightly reduced (up to 0.3 % and 1.5 %).
Regarding the landlord-tenant dilemma, we find that TEL incentivizes the investment of landlords in PV. On
the other hand, for the heating system, TEL rather favors CHP than a HP, which is consistent with the findings
of Braeuer et al. [19]. In combination with the ED LRR, the decision of the landlord is again favorable for a
more climate-friendly solution, adressing the first and the third problem of the dilemma. However, the second
level of the conflict is only marginally improved, since the ED only considers the final energy demand, not the
operating costs.

5. Discussion
In the optimization framework, we assume that the operation of the energy system is always optimal as we
have a perfect foresight, allowing e.g., load shifts. That means that we likely underestimate operational costs
in the MILP. This is particularly relevant for the operation of the HP in the owner-occupied building (see sub-
section 4.1.). Since the operation of the HP is highly dependent on the outdoor temperature and covers the
entire heat demand within the considered period (see Fig. 2). This could mean that in practice the results are
closer to each other and the second level of the landlord-tenant dilemma might be slightly less severe than
presented. On the other hand, within the landlord-tenant relation, tenants are the ones burdened with operat-
ing costs. This means an underestimation of the operational cost, could also intensify the second level of the
landlord-tenant-dilemma. Besides the operation of the energy system, in practice the heating behavior of the
tenants might look different, too. For now, all apartments are assumed to be heated to 20 ◦C. Future studies
should consider user behavior and related effects such as rebound and prebound effects as this could have a
great impact on the results [36].

6. Conclusion
We extended a MILP for renovation decisions on the energy system and the building envelope to analyze
the landlord-tenant dilemma. The dilemma consists of two levels. First, the landlord’s missing incentives to
invest in renovation measures, and second, increasing costs for tenants due to the landlord’s decisions. To
examine these two levels, we integrated the different perspectives and cost shares of landlords and tenants
into the model and the objective function. The extension included the regulatory framework from Germany, in
particular the rental law, but also, for example, the allocation of emission costs between landlords and tenants.
Based on this, we implemented TEL and an ED LRR as possible solutions to the conflict. As a use case we
chose two comparable typical buildings from the German city Hamburg with different construction ages.
The analysis without any of the proposed solutions confirmed both levels of the dilemma. The results showed



that for rented buildings the landlord’s decisions are unfavorable in terms of total costs (29 %) and emissions
(143 %) compared to an owner-occupied building. The application of TEL pushed investments in PV, but on
the other hand, also led to a more fossil based heating system. In case of ED LRRs, we observed greater
incentives of the landlord to invest in climate-friendly technology and, in some cases, in an advanced roof
insulation. However, for both solutions, alone and combined, the landlord-tenant dilemma was only partially
resolved for the first level. With regard to the second level, we found increasing costs for the tenants compared
to the initial state for all considered scenarios. Thus, we deduce that the concept of ED LRRs needs to be
extended and should not only be limited to the final energy demand.
In order to transfer these results further, additional building types and influences of different boundary condi-
tions (e.g. location, price developments) should be investigated in the future. Furthermore, the operation of
the energy system and user behavior should be modeled more precisely.

Appendix A Economical assumptions
Table A.1: General economical parameters and price developments [35]

General parameters
Observation period 20
Interest rate 0.035
Yearly inflation 1.02

Price development Scenario 1 Scenario 2
Yearly el. price change 0.969 0.981
Yearly gas price change 0.960 0.992
Yearly CO2 price change 1.08 1.02

Table A.2: Economical parameters for devices from manufacturer sheets and [37]

Device Power/ Capacity Investment Costs Installation Cost OM Cost
BOI 15 - 240 kW 2,158 - 13,516 C 5,000 C 3 %
HP 6 - 27 kW 7,800 - 18,315 C 1,530 C 2.5 %

CHP 2.5 - 293 kW 15,293 - 199,363 C 5,800 C 5 %
STC continuous 245.22 C/m2 6,500 C 1.5 %
PV continuous 900 C/kWp 250 C/kWp 1 %

TES 0,116 - 7.3 m3 756 - 6,973 C 500 C 0 %
BAT 5.5 - 66.24 kWh 7,638 - 47,785 C 2,500 C 0 %
EH continuous 245 + 19 C/kW 2,000 C 0 %

Fasade 4 insulation levels 2.8484 C/(cm) 98.1968 C 0 %
Window 4 u-value levels -226.8908 C/(W/m2K) 736.18 C 0 %

Roof 4 insulation levels 4.1645 C/(cm) 105.5533 C 0 %

Nomenclature

Abbreviations
BAT Battery

BGB German Civil Code

BOI Boiler

CHP Combined heat and power engines

EEG Renewable Energy Sources Act

ED Energy differentiated

EH Electric heater

EM single measures

EnWG German Energy Act

EU European Union

GEG Building Energy Act

HP Air source heat pump

KWKG Combined Heat and Power Act

LRR local reference rent

MILP Mixed-integer linear program

PV Photovoltaic

RF retrofitting fee

STC Solar thermal collectors

TEL Tenant electricity

TES Thermal energy storage

WG Overall building efficiency



Variables

crent
ann annualized rent per month and m²

Crent
y annual rent

c lrr
y LRR per year

c lrr
y ,lev LRR per year and level

clrr
limit LRR capping limit

crf RF

crf
limit RF capping limit

q interest rate

Qfin
tot final energy demand

Qfin
lev final energy demand of respective level

xswitch
y binary to switch between RF and LRR

x lrr
y binary variable for the LRR level

xlev binary variable for the energetic level
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Abstract: 
The penetration of renewable energies in island environments poses a series of challenges such as stability, 
demand response and guarantee of supply, among others. Throughout this work, a study methodology will be 
presented based on the current conditions of electricity demand in the Canary Islands and their electricity 
production system to mitigate the emission of greenhouse gases and improve the penetration of renewable 
energies in island electricity systems. Based on the initial data, a tool will be proposed that optimizes the 
energy production system through combustion technology (non-renewable) and combines it with the 
production of energy through renewables that meet expectations both in dynamic response, safety, scaling 
and integration with renewable energy systems, in terms of efficiency and power. Resulting in a series of 
cases, under different operating conditions, providing different scenarios and an expansion of up to 36.78% of 
the renewable installed capacity in the Canary Islands (70% in Gran Canaria) with a reduction of 65.13% of 
tCO2eq and a reduction in fuel consumption of 71.45%. 

Keywords: 
Thermodynamics; Energy; Canary; Generation; Island; Electric. 

1. Introduction 
1.1. Energetic overview. 
All abound in the need for decarbonization [1], [2][3], [4][5], [6][7], in the need to increase the penetration of 
renewable energies, in the need for a broader vision of the management of our resources with better 
management of our technologies. The Canary electricity systems face challenges of environmental, economic, 
and social sustainability, largely dependent on imported fossil fuels for electricity generation [8]–[10]; this leads 
to an increase in the cost of electricity and CO2 emissions; a reduction can be made using more renewable 
energy sources [11]–[13].  The penetration of renewable energies is in the phase of being the great challenge 
to become a half reality [14]–[16]. With the passage of time, environmental awareness has increased, this has 
driven the mobilization of island governments (promoting wind farms, and encouraging the installation of solar 
panels, etc.) and the mobilization of the end user of energy, with the installation of solar panels, use of electric 
vehicles, etc. [17]–[19].  This reality faces another not so beneficial environmentally in the production of energy 
and the age of the existing power generation equipment in the Canary Islands, with more than 30 years, as 
well as the type of fuel, Fuel Oil, Diesel, and Diesel Oil, and ignoring Natural Gas [20] [21][22].  For this study, 
energy data have been available until 2020, in this last year it is observed that the primary energy consumption 
of 3,541,855 toe (-27.49%) and 2,504,547 toe (-31.85%) of final energy, is not representative, that is why this 
article will refer to the data at a general level to the year 2019, last reference year before the COVID-19 
pandemic [23].  
It is about finding a balance between type of combustion energy production technologies, types of fuels, 
renewables and demand behavior that take us to the most optimal point of energy production to meet demand. 
That is, to produce energy through renewable energies, to make it as much as possible by optimizing and 
expanding all renewable systems, and for the production of energy through combustion technologies, that this 
is the lowest possible, with the lowest possible GHG emission, and with the least number of tons of fuel 
consumed possible and trying to make the fuel used the least polluting. We establish a tool that relates all 
these variables to us and inspect the situation with different hypotheses. 
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1.2. GHG emissions overview 
In relation to the emission of GHGs due to electricity generation, they are mainly due to the gases formed in 
combustion, so that, for these purposes, CO2 and NO2 emissions are considered. The emission factors 
provided by “Red Eléctrica de España” use the GWP (Global Warming Potential) value included in the IPCC 
Fifth Assessment Report (AR5) and shown in [24][25]Table 1. 

Table 1. Emissions according to generation technologies in Spain. 
Technology CO2 

emissions 
(tCO2/MWh) 

NO2 
emissions 
(tCO2/MWh) 

Non-peninsular territories 
system Greenhouse gas 
emissions 
(tCO 2-eq/MWh) 

Peninsular territories 
system Greenhouse 
gas emissions 
(tCO 2-eq/MWh) 

Combined cycle (diesel) 0.60 0.00 0.60 - 
Combined cycle (natural gas) 0.41 0.00 0.41 0.37 
Diesel (diesel, fuel oil) 0.65 0.03 0.68 - 
Steam turbine (fuel oil) 0.90 0.00 0.90 0.77 
Steam turbine (coal) - - - 0.95 
Steam turbine (nuclear) - - - 0.00 
Gas turbine (diesel) 1.12 0.00 1.12 - 
Gas turbine (natural gas) 0.84 0.00 0.84 - 
Solar-Photovoltaic 0.00 0.00 0.00 0.00 
Wind 0.00 0.00 0.00 0.00 
In the Spanish electricity systems of the island territories (Canary Islands and Balearic Islands) these CO2 
emission factors are basically the same as those used to determine the remuneration for costs of emission 
rights of generation groups and which is included in national legislation in Royal Decree 738/2015, which 
regulates the activity of electricity production and the procedure for dispatch in the electricity systems of the 
non-peninsular territories. Emissions per electricity consumption, in 2019, are 0.331 kgCO2-eq./kWh Final 
Energy and 2.368 kgCO2-eq./kWh Primary Energy for the peninsular system, and 0.776 kgCO2-eq./kWh Final 
Energy and 2.994 kgCO2-eq./kWh Primary Energy in insular systems (IDAE, 2016). In the Canary Islands, the 
mix of conventional technologies makes the average emission of 0.694 tCO2-eq./MWh, by comparison for 2019, 
the average emission of Spain was 0.190 tCO2-eq./MWh. 

2. Energy situation in the Canary Islands in 2019. 
2.1. Energy and environmental values. 
The participation of the different sources and technologies in the coverage of electricity demand in terms of 
gross energy in the Canary Islands in 2019, by island and technology is shown in Appendix A.  Note that the 
penetration of renewables is 15.9%. 
In 2019 the Canary Islands had an installed capacity of 3,320.03MW, of which 623.67MW are renewable 
sources and 2,696.36MW are non-renewable sources. The installed power is shown in Appendix B. 
Fuel consumption for electricity generation in the Canary Islands in 2019 was 1,702,166.0 MT (57.6% fuel oil, 
41.2% diesel oil and 1.2% diesel-oil). By technologies, the steam units consumed 595,170 mt of fuel oil and 
515 mt of diesel, the diesel units 384,935 mt of fuel oil and 18,826 mt of diesel and 21,259 mt of diesel-oil, the 
gas turbine units 12,995 mt of diesel and the combined cycle units 294,378 mt of diesel, all of which are 
substitute fuels as the design fuel in these units was natural gas. Fuel consumption and GHG emissions for 
2019 are shown in Appendix C and are represented in the following graphs. 

 
Figure1.  Fuel consumption by islands and technology in the Canary Islands.  Source: Canary Islands 

Energy Yearbook 2019. 
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Figure2.  Greenhouse gas emissions by islands and technology in the Canary Islands. Source: Canary 

Islands Energy Yearbook 2019. 
As for emissions, for 2019 in the Canary Islands it was 5,454,911 tCO2-eq. Of these, 99.7% was CO2, 0.1% 
CH4 and 0.2% NO2. As for the emission factor (tCO2-eq./MWh) calculated based on the energy produced, the 
results are shown in Appendix D, differentiated by islands and power equipment. It is worth mentioning the 
high emission factor of gas turbines and the fall of this factor in El Hierro due to renewable energies. 

 
Figure3.  Emission factor by islands and technology in the Canary Islands.  Source: Canary Islands Energy 

Yearbook 2019. 

The lowest emission factor is that of combined cycle power plants (0.601 tCO2-eq./MWh) and diesel engines 
(0.656 tCO2-eq./MWh).  An overall emission factor for the Canary Islands, including renewable production, is 
estimated at 0.584 tCO2-eq./MWh. Table 2 shows the date and time of highest demand by islands in 2019. 

Table 2.  Demand peaks.  Source: Canary Islands Energy Yearbook 2019. 
Island date hour MW 
Gran Canaria 02/10/2019 20:58 537.00 
Tenerife 02/10/2019 20:21 576.00 
Lanzarote 31/12/2019 19:06 139.00 
Fuerteventura 17/08/2019 20:53 113.00 
La Palma 19/08/2019 21:36 43.00 
La Gomera 17/08/2019 21:59 12.10 
El Hierro 20/08/2019 21:27 8.10 
Specifically, in Gran Canaria, the moment of greatest demand was on October 2, 2019 (20:58h,) with 
emissions of 0.631 tCO2-eq MWh-1 and a peak of 537.0 MW (Figure 4). The demand curve is very similar to 
the rest of the days except for small fluctuations produced by particular cases. In turn, the different groups are 
programmed to meet that demand curve. That is why it is necessary to carry out a good programming for a 
correct functioning of the network. It is also worth emphasizing the difficulty of predicting the curve correctly, 
and the validity of the data obtained to provide the necessary power and specifically in systems based on 
renewable energies (wind and solar) existing on the island. 

0.0

200,000.0

400,000.0

600,000.0

800,000.0

1,000,000.0

1,200,000.0

Gran Canaria Tenerife Lanzarote Fuerteventura La Palma La Gomera El Hierro

Greenhouse gas emissions by islands and technology (tCO2eq). 2019

STEAM TURBINE DIESEL ENGINE GAS TURBINE COMBINED CYCLE

0.000

0.200

0.400

0.600

0.800

1.000

1.200

1.400

1.600

Gran Canaria Tenerife Lanzarote Fuerteventura La Palma La Gomera El Hierro

Emission factor (tCO2eq/MWh). 2019

STEAM TURBINE DIESEL ENGINE GAS TURBINE COMBINED CYCLE SET TECHNOLOGIES



 
Figure 4.  Demand curve Gran Canaria. Peak demand 2019. Thermal and renewable generation.  Source: 

Canary Islands Energy Yearbook 2019. 
 

 
Figure 5.  Demand curve Gran Canaria. Peak demand 2019. Generation differentiating technologies. 

Source: Canary Islands Energy Yearbook 2019. 
 
For the peak demand day, the steam turbine and combined cycle groups contribute 33.35% and 51.28% of 
the electricity to the grid, leaving the Diesel and gas turbine groups for the tips and being the contribution of 
renewables (wind) of 11.83% (Figure 5). 
2.2. Penetration values of renewable energies in the Canary Islands. 
The data collected start from 2004, in that year, the Canary Islands had 138.22 MW installed and for Gran 
Canaria 75.85 MW. In this time horizon, with an average annual growth of 8%, two specific years stand out 
where there were very significant increases in installed capacity compared to the previous year, years 2008 
and 2018, in the case of Gran Canaria, the technology that drove the development of the sector was wind 
generation. It is observed how the penetration of renewable energies has been slow during the years studied. 
As indicated above, the penetration of renewables in 2019 was 15.9%. 

3. Material and methods. Non-renewable production system alternatives 
based on the expansion of the penetration of renewables and 
optimization of existing equipment. 

3.1. Tool. 
A tool is proposed that helps to regulate and optimize the energy production equipment and describes the 
different existing combinations in achieving an energy production that meets the demand, all this optimizing 
fuel consumption, reducing GHG emissions, increasing the penetration of renewables and reducing the CO2 
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emission factor, (tCO2eq/MWh). The following list has been defined that covers all the possibilities of operation 
of energy production equipment in the Canary Islands. With this ratio it is possible to obtain, for the different 
operating conditions, the power produced, GHG emissions, fuel consumption, etc.  

E={[axα1+a´x(1-α1)]xA+[bxα2+b´x(1-α2)]xB+[cxα3+c´x(1-α3)]xC+[dxα4+d´x(1-α4)]xD}x(1+β) 
where: 

Table 3.  Definition of parameters. 
Technologies    Definition of parameters. 
Steam 
turbine 

Engines 
diesel 

Gas 
turbine 

Combined 
cycle 

  
 

a´ b´ c´ d´ Studied value of this technology running on 100% usual fuel 
a b c d Studied value of this technology running on 100% natural gas 
α1 α2 α3 α4 % use of natural gas in this technology 
A B C D % of operation of this technology 
Renewable β % contributed from this technology calculated on the total contributed by 

the rest of technologies not including renewables. 
R % contributed from this technology calculated on the total contributed by 

all technologies, including renewables. 
 
A variation of this expression, also interesting since it is a function of the percentage of penetration of 
renewables in the system (R), is: 

E={[axα1+a´x(1-α1)]xA+[bxα2+b´x(1-α2)]xB+[cxα3+c´x(1-α3)]xC+[dxα4+d´x(1-α4)]xD}/(1-R) 
The indicator "CO2 GREEN" has also been defined. This indicator evaluates the status or situation of the 
objective " tCO2-eq ZERO", the cancellation to 100% of the tCO2-eq. In short, it is the amount of tCO2-eq that has 
stopped being emitted into the atmosphere in the energy production process per person. This percentage 
increase in the tCO2-eq/inhabitant that are no longer emitted, causes environmental damage to decrease in the 
same proportion, as well as damage to people's health. 
3.2.  Starting values 2019. 
For this we start from the base that in 2019 as indicated we have in the Canary Islands the following indices: 
Greenhouse gas emissions 5.454.911,00 tCO2eq, Emission factor 0,584tCO2eq/MWh and Fuel consumption 
estimation 1.702.166,00 Tn. 
3.3.  Procedure. 
With this relationship we establish several hypotheses with the aim of reducing emissions, fuel consumption, 
and increasing the penetration of renewables. Applying the relationship established for the existing situation 
in 2019 for Gran Canaria, we obtain: 
Fuel consumption =a´xA+b´xB+c´xC+d´xD = 643.814,00 Ton 
Energy production ={a´xA+b´xB+c´xC+d´xD}x(1+β) = {a´xA+b´xB+c´xC+d´xD}/(1-R) = 3.581.933,00 MWh 
Greenhouse gas emissions =a´xA+b´xB+c´xC+d´xD = 2.063.911,00 tCO2eq 
It has been contemplated that there is no Natural Gas in 2019 in Gran Canaria and the respective data have 
been entered: 

Table 4.  Data for the situation in Gran Canaria 2019 
 Steam turbine Engines diesel Gas turbine Combined cycle 
 a´ a b b´ c c´ d d´ 
Fuel consumption 
estimation (Tn) 

604.618,4 528.898,2 144.308,2 144.308,2 619.815,9 479.656,8 745.377,9 576.825,5 

Energy Produced 
(MWh) 

2.452.800 2.452.800 735.840 735.840 1.519.422 1.519.422 4.044.754 4.044.754 

Greenhouse gas 
emissions (tCO2eq) 

1.936.141 1.421.637 462.166 462.166 1.989.295 1.648.313 2.392.330 1.982.216 

 α1 A α2 B α3 C α4 D 
Gran Canaria 2019 0,00% 50,24% 0,00% 22,50% 0,00% 2,09% 0,00% 39,49% 

 
Being β= 18.29% and R= 15.46% for energy production. 
3.4. Proposal of hypotheses of operation of equipment preserving the current type 

of fuel. 
3.4.1. HYPOTHESIS 1: Reordering power plants with historical annual maximums. Penetration of 

renewables: 15.9%. 
In this hypothesis, we proceed to work with the least polluting equipment in the different production centers of 
the islands, bringing them to a production ceiling marked by the maximum annual historical productions.  The 



historical annual maximums of combined cycle plants (3,418,748MWh) and diesel engines (2,390,736.2MWh) 
which are the least polluting have been studied, proportionally rearranging the rest of the equipment. 
Preserving the penetration of renewables (1,480,634MWh, 15.9%). This results in an overall emission factor 
of 0.563 tCO2-eq/MWh. 

Table 5.  Hypothesis 1. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Steam turbine 2.045.977,0     1.641.421,5     0,802     512.582,8    
Diesel engine 2.390.736,2     1.562.556,1     0,654     488.206,3    
Combined cycle 3.418.748,0     2.052.294,4     0,600     639.433,0    
Renewable (15,9%) 1.480.634,0     -       -       -      
Total 9.336.095,2    5.256.271,9    0,563    1.640.222,1    

3.4.2. HYPOTHESIS 2: Rearrangement of power plants working exclusively with the least polluting.  
Penetration of renewables: 15.9%. 

In this hypothesis, we proceed to continue working with the least polluting equipment in the different production 
centers of the islands, but we work exclusively with them, ignoring the rest of the equipment. All this entails 
producing 5,428,740.4MWh in the combined cycle plants and 2,426,720.8MWh diesel engines, which are the 
least polluting, leaving the rest of the equipment in disuse or as reserves. Preserving the penetration of 
renewables (1,480,634MWh, 15.9%). All this results in an overall emission factor of 0.519 tCO2-eq/MWh. 

Table 6.  Hypothesis 2. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Diesel engine 2.426.720,8    1.585.013,5    0,653    495.218,0    
Combined cycle 5.428.740,4    3.259.874,3    0,600    1.015.678,5    
Renewable (15,9%) 1.480.634,0    - - - 
Total 9.336.095,2    4.844.887,8    0,519    1.510.896,4    

3.4.3.   HYPOTHESIS 3: Reorganization of power plants working exclusively with the least polluting, 
but incorporating the Chira-Soria project.  Penetration of renewables: 29.5%-36.8%. 
In this hypothesis, we proceed to continue working with the least polluting equipment in the different production 
centers of the islands, but we work exclusively with them, ignoring the rest of the equipment. The Chira-Soria 
power plant is incorporated. With this addition, a global penetration in renewables in Gran Canaria is expected 
between 51% and 70%.  
If we estimate 51% in Gran Canaria (HYPOTHESIS 3a), which affects the overall figure of penetration of 
renewables in the Canary Islands, rising to 29.1%. All this entails producing 4,307,822.1MWh in the combined 
cycle plants and 2,310,552.60MWh diesel engines, which are the least polluting, leaving the rest of the 
equipment in disuse or as reserves. The penetration of renewables would be (2,717,720.5MWh, 29.1%). This 
results in an overall emission factor of 0.440 tCO2-eq/MWh. 

Table 7.  Hypothesis 3a. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Diesel engine 2.310.552,6    1.512.050,4    0,654    472.435,9    
Combined cycle 4.307.822,1    2.596.890,5    0,603    809.112,7    
Renewable (29,1%) 2.717.720,5    - - - 
Total 9.336.095,2    4.108.940,9    0,440    1.281.548,5    
 
If we estimate 70% in Gran Canaria (HYPOTHESIS 3b), which affects the overall figure of penetration of 
renewables in the Canary Islands, rising to 36.8%. All this entails producing 3,658,707.6 in the combined cycle 
plants and 2,243,280.5MWh diesel engines, which are the least polluting, leaving the rest of the equipment in 
disuse or as reserves. The penetration of renewables would be (3,434,107.1MWh, 36.8%). This yields an 
overall emission factor of 0.394 tCO2-eq/MWh.  

Table 8.  Hypothesis 3b. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Diesel engine 2.243.280,5    1.469.798,2    0,655    459.242,9    
Combined cycle 3.658.707,6    2.212.962,0    0,605    689.492,2    
Renewable (36,8%) 3.434.107,1    - - - 
Total 9.336.095,2    3.682.760,2    0,394    1.148.735,1    
 



3.4.4. Summary of these 5 hypothesis: 
The following is a summary of the improvements produced by these 4 variants of hypothesis: 

Table 9.  Summary and comparison of the hypotheses planted 
Hypothesis % 

Renewable 
penetration 

Greenhouse 
gas emissions 
(tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel 
consumption 
estimation (Tn) 

% 
improvement 

Green CO2  
(tCO2eq/inhabitant 
year) 

2019  15,86% 5.454.911    0,58    1.702.166    - 2,50 
1 15,86% 5.256.271 0.56 1.640.222 -3,8% 2,41 
2 15,86% 4.844.887 0.52 1.510.896 -12,6% 2,22 
3a 29,11% 4.108.940 0.44 1.281.548 -32,8% 1,89 
3b 36,78% 3.682.760 0.39 1.148.735 -48,1% 1,69 
Logically, we improve the green CO2 index by incorporating more renewables and stop producing CO2. It is 
worth mentioning the significant improvement with the entry of the Chira-Soria project. If we compare green 
CO2 between islands and by hypothesis we obtain: 

 
Table 10.  Island Green CO2 (tCO2eq/inhabitant year) 

Hypothesis Gran 
Canaria 

Tenerife Lanzarote Fuerteventura La Palma La Gomera El Hierro Canarias 

2019  2,42  2,28  3,52  4,02  2,06  2,42  1,25  2,50 
1 2,34  2,21  3,46  3,51  2,06  2,42  1,25  2,41 
2 2,11  1,98  3,46  3,51  2,06  2,42  1,25  2,22 
3a 1,25  1,98  3,46  3,51  2,06  2,42  1,25  1,89 
3b 0,75  1,98  3,46  3,51  2,06  2,42  1,25  1,69 
We can see that the worst situation is in terms of Green CO2 is on the island of Lanzarote and Fuerteventura 
and the best in El Hierro. Gran Canaria approaches El Hierro from the 3rd hypothesis and Tenerife in the 4th 
hypothesis, like the rest of the islands. 
3.5. Proposal of hypotheses of operation of equipment changing the type of 

current fuel. 
We continue with more Hypotheses, but now we make a variant on the previous Hypotheses. This variant 
consists of the modification of the fuel. As far as possible and allowed the equipment will move to use Natural 
Gas. 
Natural gas produces CO2 emissions 40-50% lower than those of coal and 25-30% lower than those of fuel 
oil.  As for NOx, the nature of the gas (its combustion takes place in the gas phase) allows to achieve a more 
perfect mixture with the combustion air which leads to complete and more efficient combustion, with less 
excess air. Methane, which is the main component of natural gas, is a more potent cause of the greenhouse 
effect than CO2, although methane molecules have a shorter lifetime in the atmosphere than CO2. De 
according to independent studies, direct losses of natural gas during extraction, transport and distribution 
worldwide, they have been estimated at 1% of the total gas transported, the CO2 emission in the combustion 
of Natural Gas is 58 kgCO2/GJ compared to that of Fuel Oil or Diesel which is 79 kgCO2/GJ and 70 kgCO2/GJ 
respectively.  On the other hand, we have that the calorific value of natural gas is higher than that of the other 
fuels usually used in the Canary Islands. 

Table 11. Calorific power. 
Fuel type Higher calorific power (Kcal/Kg) Lower calorific power (Kcal/Kg) 
Fuel 10.430,00 9.850,00 
Diesel 9.265,00 8.713,00 
Diesel oil 10.790,00 10.140,00 
Natural gas 12.474,00 11.259,00 
All this makes the convenience of using Natural Gas double since we need to burn less fuel to produce the 
same electricity and less CO2 is generated by electricity produced.  The distribution of fuel for the current 
situation (starting situation) where all equipment except diesel engines switch to Natural Gas is as shown in 
Appendix E as well as the new emission distribution (tCO2-eq) expected for this new situation. As a result of 
the change of fuel we managed to reduce emissions of polluting gases by 16.17%, from 5,454,911.4 tCO2-eq 
to 4,573,053,30 tCO2-eq and reduced fuel consumption by 13.44%, from 1,702,166.00 tons to 1,473,468.48 
tons. The new emission factor is 0,490 tCO2eq/MWh. 

3.5.1. NG-HYPOTHESIS 1: Rearrangement of power plants with historical annual maximums. 
Penetration of renewables: 15.9%. 

As already indicated above, in this hypothesis we proceed to work with the least polluting equipment in the 
different production centers of the islands, bringing them to a production ceiling marked by the maximum 
annual historical productions. The historical annual maximums of combined cycle plants (3,418,748MWh) and 
diesel engines (2,390,736.2MWh) which are the least polluting have been studied, proportionally rearranging 



the rest of the equipment. Preserving the penetration of renewables (1,480,634MWh, 15.9%). With all this we 
obtain a global emission factor of 0.563 tCO2-eq/MWh to 0.479 tCO2-eq/MWh.  

Table 12.  NG-Hypothesis 1. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Steam turbine 2.045.977,0     1.205.228,3     0,589  448.391,4    
Diesel engine 2.390.736,2     1.562.554,0     0,654     488.206,3    
Combined cycle 3.418.748,0     1.700.472,5     0,497     494.837,9    
Renewable (15,9%) 1.480.634,0     -       -       -      
Total 9.336.095,2    4.468.254,7    0,479    1.431.435,6    

3.5.2. NG-HYPOTHESIS 2: Rearrangement of power plants working exclusively with the least 
polluting.  Penetration of renewables: 15.9%. 

In this hypothesis, we proceed to continue working with the least polluting equipment in the different production 
centers of the islands, but we work exclusively with them, ignoring the rest of the equipment. All this entails 
producing 5,428,740.4MWh in the combined cycle plants and 2,426,720.8MWh diesel engines, which are the 
least polluting, leaving the rest of the equipment in disuse or as reserves. Preserving the penetration of 
renewables (1,480,634MWh, 15.9%). With all this, we went from a global emission factor of 0.519 tCO2-
eq/MWh to 0.459 tCO2-eq/MWh.  

Table 13.  NG-Hypothesis 2. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Diesel engine 2.426.720,8     1.585.011,2     0,653     495.218,.0    
Combined cycle 5.428.740,4     2.701.038,7     0,498     786.002,9    
Renewable (15,9%) 1.480.634,0     -       -       -      
Total 9.336.095,2    4.286.049,9    0,459   1.281.220,9    

 

3.5.3.    NG-HYPOTHESIS 3: Reorganization of power plants working exclusively with the least polluting 
but incorporating the Chira-Soria project.  Penetration of renewables: 29.5%-36.78%. 
In this hypothesis, we proceed to continue working with the least polluting equipment in the different production 
centers of the islands, but we work exclusively with them, ignoring the rest of the equipment. 
The Chira-Soria power plant is incorporated. With this addition, a global penetration in renewables in Gran 
Canaria is expected between 51% and 70%.  
If we estimate 51% in Gran Canaria (GN-HYPOTHESIS 3a), which affects the overall figure of penetration of 
renewables in the Canary Islands, rising to 29.1%. All this entails producing 4,307,822.1MWh in the combined 
cycle plants and 2,310,552.60MWh diesel engines, which are the least polluting, leaving the rest of the 
equipment in disuse or as reserves. The penetration of renewables would be (2,717,720.5MWh, 29.1%). With 
all this, we went from an overall emission factor of 0.440 tCO2-eq/MWh to 0.392 tCO2-eq/MWh.  

Table 14.  NG-Hypothesis 3a. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Diesel engine 2.310.552,6     1.512.048,9     0,654    472.435,9    
Combined cycle 4.307.822,1     2.151.709,3     0,499     626.147,9    
Renewable (29,1%) 1.480.634,0     -       -       -      
Total 9.336.095,2    3.663.758,3 0,392   1.098.583,8    

 
If we estimate 70% in Gran Canaria (NG-HYPOTHESIS 3b), which affects the overall figure of penetration of 
renewables in the Canary Islands, rising to 36.8%. All this entails producing 3,658,707.6 in the combined cycle 
plants and 2,243,280.5MWh diesel engines, which are the least polluting, leaving the rest of the equipment in 
disuse or as reserves. The penetration of renewables would be (3,434,107.1MWh, 36.8%). With all this, we 
went from an overall emission factor of 0.394 tCO2-eq/MWh to 0.354 tCO2-eq/MWh.  

Table 15.  NG-Hypothesis 3b. 
Technology Energy Produced 

(MWh) 
Greenhouse gas 
emissions (tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel consumption 
estimation (Tn) 

Diesel engine 2.243.280,5     1.469.797,0     0,655  459.242,9  
Combined cycle 3.658.707,6    1.833.597,1     0,501   533.577,2 
Renewable (36,78%) 3.434.107,1     -       -       -      
Total 9.336.095,2    3.303.394,1 0,354   992.820,1    

 



3.5.4. Summary hypothesis, production with teams working with natural gas: 
As a summary of these 4 new hypotheses, a summary of the improvements produced by these 4 variants of 
hypotheses is shown below: 

Table 16.  Summary and comparison of the hypotheses planted 
Hypothesis % 

Renewable 
penetration 

Greenhouse 
gas emissions 
(tCO2eq) 

Emission factor 
(tCO2eq/MWh) 

Fuel 
consumption 
estimation (Tn) 

% 
improvement 

Green CO2  
(tCO2eq/inhabitant 
year) 

2019  15,86% 5.454.911    0,58    1.702.166    - 2,50 
NG 2019 15,86% 4.573.053 0,49  1.473.468,48  - 2,10  
NG-1 15,86% 4.468.254 0,48  1.431.435,58  -2,3% 2,05  
NG-2 15,86% 4.286.049 0,46  1.281.220,92  -6,7% 1,97  
NG-3a 29,11% 3.663.758 0,39  1.098.583,77  -24,8% 1,68  
NG-3b 36,78% 3.303.394 0,35  992.820,10  -38,4% 1,52  
 
Logically, the trend shown of improvements without the incorporation of Natural Gas increases with the 
incorporation of this fuel.  We improve the green CO2 index by incorporating more renewables and stop 
producing CO2. It is worth noting the significant improvement with the entry of the project Chira-Soria. If we 
compare the green CO2 between islands and by hypothesis we obtain: 

Table 17.  Island Green CO2 (tCO2eq/inhabitant year) 
Hypothesis Gran 

Canaria 
Tenerife Lanzarote Fuerteventura La Palma La Gomera El Hierro Canarias 

2019  2,42  2,28  3,52  4,02  2,06  2,42  1,25  2,50 
NG 2019 1,92  1,81  3,50  3,85  2,06  2,42  1,25  2,10  
NG-1 1,89  1,78  3,46  3,51  2,06  2,42  1,25  2,05  
NG-2 1,79  1,68  3,46  3,51  2,06  2,42  1,25  1,97  
NG-3a 1,06  1,68  3,46  3,51  2,06  2,42  1,25  1,68  
NG-3b 0,63  1,68  3,46  3,51  2,06  2,42  1,25  1,52  
We can see that the worst situation is still in terms of Green CO2 that of the island of Lanzarote and 
Fuerteventura and the best in El Hierro. Gran Canaria approaches the Iron and improves from the GN-
Hypothesis 3ª and Tenerife in the 4th Hypothesis, like the rest of the islands. 

3.6. Results. 
As a summary of the results we have: 
Hypothesis 2: this approach is what offers immediate results at the lowest cost. As indicated in its approach, 
it consists of working exclusively with the least polluting equipment in the different production centers of the 
islands, combined cycle and Diesel engines. We subject this equipment to greater mechanical stress, but 
bearable with good maintenance according to its use. The most affected would be the combined cycles of 
Gran Canaria and Tenerife that their use would be 67.83% and 67.10%, and the Diesel Engines of 
Fuerteventura and Lanzarote that their use would be 67.35% and 55.57%. The rest of the equipment would 
have a use of less than 45%.  With all this we lower total GHG emissions (tCO2eq) by 12.59% and fuel 
consumption (Ton) by 12.66% and the economic and temporary cost is practically zero. 
Execution Time: Immediate; Economic cost: Minimum; Decrease in total GHG emissions (tCO2eq):12.59%; 
Decrease in fuel consumption (Ton):12.66%; Renewable penetration: 15.86%. 
NG Hypothesis 2: this second approach described in the GN.  hypothesis2, consists of working exclusively 
with the least polluting equipment in the different production centers of the islands, combined cycle and Diesel 
engines, but we also change the fuel used in the combined cycle, going from diesel to natural gas. 
We subject these teams to a mechanical stress like that of the previous hypothesis, although it is somewhat 
lower in the combined cycle. As a result, we obtain: 
Execution Time: Average; Economic cost: medium; Decrease in total GHG emissions (tCO2eq):2 2.08%; 
Decrease in fuel consumption (Ton):1 8.91%; Renewable penetration: 15.86%. 
Hypothesis 3a: third approach for our objective is the one described in hypothesis3a, to work exclusively with 
the least polluting equipment in the different production centers of the islands, combined cycle and Diesel 
engines, with their usual fuel, but we also incorporate the Chira-Soria project   that incorporates the Chira-
Soria plant and that foresees a penetration in renewables   overall in Gran Canaria between 51% and 70%.  
In this hypothesis, 51% was estimated in Gran Canaria (the minimum expectation of this project), which affects 
the overall figure of penetration of renewables in the Canary Islands, rising to 29.1 1%. 
Execution Time: Medium-High; Economic cost: medium-high; Decrease in total GHG emissions (tCO2eq):3 
2.76%; Decrease in fuel consumption (Ton): 32.82%; Renewable penetration: 29.11%. 
NG Hypothesis 3a: a fourth approach to our objective is that described in the GN. hypothesis3a, to work 
exclusively with the least polluting equipment in the different production centers of  the islands, combined cycle 
and  Diesel engines, changing the fuel of the combined cycle to natural gas, but we also incorporate  the Chira-



Soria project  that incorporates the Chira-Soria plant with a  penetration in renewables   global in Gran Canaria 
between 51% in Gran Canaria (the minimum expectation of this project), which affects the overall figure of 
penetration of renewables in the Canary Islands, rising to 29.1 1%. 
Execution Time: Medium-High; Economic cost: medium-high; Reduction of total GHG emissions (tCO2eq): 
48.89%; Decrease in fuel consumption (Ton):54.94%; Renewable penetration: 29.11%. 
NG Hypothesis 3b: a fifth approach and the most optimal of all for our objective is  the one described in the 
GN. hypothesis3b, working exclusively with the least polluting equipment in the different production centers of  
the islands, combined cycle and  diesel engines, changing the fuel of the combined cycle to natural gas, but 
we also incorporate  the Chira-Soria project  that incorporates the Chira-Soria plant with a  penetration in 
renewables    global in Gran Canaria between 70% in Gran Canaria (the maximum expectation of this project), 
which affects the global figure of penetration of renewables in the Canary Islands, rising to 36.78%. 
Execution Time: Medium-High; Economic cost: medium-high; Reduction of total GHG emissions 
(tCO2eq):65.13%; Decrease in fuel consumption (Ton): 71.45%; Renewable penetration: 36.78%. 

3.7. Conclusions. 
There are several measures that can be taken because of the result of this study through the tool proposed to 
achieve our environmental objective. All these measures to be taken depend in turn on several factors: 
Economic factor: The measures to be taken can be very expensive with a satisfactory result or less expensive 
and obtain to a lesser degree a satisfactory result. Although not always the investment is directly proportional 
in a linear way to the result.  
Temporal factor: If we take into account this factor, we can find several situations ranging from the immediacy 
of the actions to be taken or the other extreme that is to go to several years of delay in achieving completion 
of that action, and of course all intermediate situations are also valid. 
The results will improve as these two factors grow, that is, we have more time and more investment.  
 

Appendix A 
TableA.1. Energy produced (MWh). Source: Canary Islands Energy Yearbook 2019. 

Technology Gran 
Canaria 

Tenerife Lanzarot
e 

Fuerteve
ntura 

La Palma La 
Gomera 

El 
Hierro 

Canarias 

Steam turbine 1.233.316 1.146.979      2.380.295 
Diesel engine 1.657.552 192.784 813.663 552.146 251.332 76.696 20.738 2.072.911 
Gas turbine 31.758 105.645 12.791 841.585 603   235.382 
Combined cycle 1.597.427 1.569446      3.166.873 
Renewable  553.880 696096 79.623 80.108 29.081 154 41.692 1.480.634 
Total 3.581.933 3710950 906.077 716.839 281.016 76.850 62.430 9.336.095 

 

Appendix B 
Table B.1. Installed capacity (MW). Source: Canary Islands Energy Yearbook 2019. 

Technology Gran 
Canaria 

Tenerife Lanzarot
e 

Fuerteve
ntura 

La Palma La 
Gomera 

El 
Hierro 

Canarias 

Steam turbine 280,00 240,00      520,00 
Diesel engine 84,00 84,00 166,76 107,92 82,84 21,17 14,91 564,60 
Gas turbine 173,45 265,70 62,50 79,10 22,50   603,25 
Combined cycle 461,73 456,80      918,53 
Refinery-Cogen. 24,88 65,10      89,98 
Renewable  199,92 314,54 32,41 41,42 12,18 0,37  623,67 
Total 1.223,98 1.426,14 264,67 228,44 117,52 21,54 22,83 3.320,03 

 

Appendix C 
Table C.1.  Fuel consumption in the thermal power plants of the Canary Islands (Ton) and greenhouse gas 

emissions (tCO2eq) per fuel used. Source: Canary Islands Energy Yearbook 2019. 
Technology Fuel consumption (Ton) Greenhouse gas emissions (tCO2eq) 
 Fuel Oil Dieseloil Total Fuel Oil Diesel oil Total 
Steam turbine 595.170 515 - 595.685 1905.884 1.652  1.907.536 
Diesel engine 384.935 18.826 21.259 425.020 1.232.665 60.423 67.103 1.360.191 
Gas turbine - 88.944 - 88.944 - 285.467  285.467 
Combined cycle - 592.517 - 592.517 - 1.901.715  1.901.715 
Total 980.105 700.802 21.759 1.702.166 3.138.549 2.249.257 67.103 5.454.909 



Appendix D  
Table D.1. Greenhouse gas emissions (tCO2eq) by type of technology in the thermal power plants of the 

Canary Islands and emission factor (tCO2eq/MWh). Source: Canary Islands Energy Yearbook 2019. 
Technology Energy Produced (MWh) Greenhouse gas emissions (tCO2eq) Emission factor (tCO2eq/MWh) 
Steam turbine 2.380.295,0     1.907.536,0 0,801 
Diesel engine 2.072.911,0     1.360.192,0     0,656    
Gas turbine 235.382,0     285.468,0     1,213    
Combined cycle  3.166.873,0    1.901.715,0     0,601 
Renewable 1.480.634,0  - 
Total 9.336.095,2    5.454.911,0    0,584    

 

Appendix E 
Table E.1.  Estimation of fuel consumption in the thermal power plants of the Canary Islands (Ton)  

Technology Fuel consumption (Ton) 
 Natural gas Fuel Oil Diesel oil Total 
Steam turbine 521.086,4 - - - 521.086,4 
Diesel engine - 384.935,0 18.826,0 21.259,0 425.020,0 
Gas turbine 68.831,1 - - - 68.831,1 
Combined cycle 458.531,0 - - - 458.531,0 
Total 1.048.448,5 384.935,0 18.826,0 21.759,0 1.473.468,5 

Table E.2.  Estimation total greenhouse gas emissions (tCO2eq) per fuel used. 
Technology Greenhouse gas emissions (tCO2eq) 
 Natural gas Fuel Oil Diesel oil Total 
Steam turbine 1.400.625,8 - - - 1.400.625,8 
Diesel engine - 1.232.665,0 60.423,0 67.103,0 1.360.191,0 
Gas turbine 236.529,8 - - - 236.529,8 
Combined cycle 1.575.706,7 - - - 1.575.706,7 
Total 3.212.862,3 1.232.665,0 60.423,0 67.103,0 4.573.053,3 
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Abstract: 
As emerging countries work to balance the energy trilemma and provide secure, affordable, and 
environmentally sustainable energy, the link between energy, water and food and the rising demands for all 
are stressing the supply resource. The Republic of Ecuador is withinside the method of improvement a 
residential, industries and commercial demand plan which ends up in an supply call for increase, with a 
populace of 17.08 million population for 2018, it affords an strength boom of about 7.13% annual common 
until 2027, this means that our mounted strength supply should be capable of deliver all of the demand for 
and its annual increase, it is miles because of this that during our research we are able to examine the 
incorporation of recent and proposed plant life deliberate to fulfil the call for of the residential, commercial 
and industries in tiers that the country is planning to make bigger way to the renewable energy withinside the 
efficient energy matrix, withinside the equal manner the export of energy to neighbouring international 
locations Colombia and Peru is proposed. However, to reap this incredible alternate we pose numerous 
hypotheses that describe the hypothetical demand of residential, industries and commercial call for and in 
addition to the development of recent renewable technology plant life. Traditional and unconventional taking 
gain of renewable sources in abundance which include capacity water strength, wind strength, sun strength 
amongst others to generate electric supply and because of the modern-day state of affairs, deepen a public 
and private funding settlement to reap our objective, on this manner, pleasing our biggest hypothetical 
cases, we are able to be capable of deliver all of the energy needs for the year 2035, making sure a strong 
interconnected country wide grid with its enough reserve potential and making sure that each one the 
residential call for is included plus the projected commercial and industry call for pleasing the big emblematic 
projects, that the sizable majority will directly generate new jobs, financial boom and we are able to develop 
as a global industrialized nation. 

Keywords: 
Energy planning; Electric power; Renewable energies; Ecuadorian energy matrix. 

1. Introduction 
This paper reviews the current state of the Ecuadorian Electric Sector, defining its structure, production, 
energy consumption and the legal framework on which the future expansion of the Generation System 
through private investment is based, as well as the concession model of certain awarded projects to the 
present date. The Generation planning in the Ecuadorian Electric System is based on different programs at 
the state level such as the Electricity Master Plan (2018-2027) [1] and the National Energy Efficiency Plan, 
its general objectives being to increase the generation capacity of electrical energy in an efficient and clean 
manner with the environment, which the Ministry of Energy and Non-Renewable Natural Resources has 
called ‘The change of the energy matrix’. 
1.1. Electricity sector main actors 
The Ecuadorian electricity sector is made up of legal entities dedicated to the activities of generation, self-
generation, transmission, distribution and commercialization, public lighting, import and export of electrical 
energy, as well as natural or legal persons who are considered consumers or end users [2, p. 20-21]. 
1.1.1 Generation. 

Generation and/or Self-generation activities in the country are carried out by public and private companies, 
which must pass certain requirements to be authorized by the competent authority. Generating companies 



are those that have permission for the economic operation of one or more plants and deliver their production 
to one or more points of the National Transmission System, Distribution System, or isolated points. Self-
generating companies are those dedicated to an industrial or commercial activity, whose electricity 
generation is used to supply their demand, and if applicable, the surplus can be made available to the sector. 
In 2019 there were 129 generation plants, of which 77 correspond to public companies and 52 plants to 
private companies. Now, the Electric Corporation of Ecuador Public Company maintains the largest amount 
of electricity production. Of the national installed generation capacity of 7,320 MW by 2020, 86% 
corresponds to CELEC EP, that is, 6,366.2 MW, which is distributed as follows: 27 Power Plants that 
correspond to 90% of the thermal park, 14 Hydroelectric Power Plants with 89% and an installed capacity of 
4,498.73 MW and finally a wind power plant with 9% of a capacity of 16.5 MW. 
1.1.2 Transmission. 

CELEC EP - Transelectric Business Unit oversees the planning, operation, maintenance, and expansion 
activities of the National Transmission System, based on the energy policies established by the Ministry of 
Energy and Non-Renewable Natural Resources (MEM). 
1.1.3 Commercial and Distribution units. 

The distribution and commercialization of electrical energy is carried out by state companies corresponding 
to eleven (11) Business Units of the National Electricity Corporation Public Company, additionally there are 
nine (9) companies established as public limited companies, which act according to current regulations. The 
energy consumption of the distribution companies in 2019 can be seen in Figure 1. 
1.1.4 International links 

The Ecuadorian Electric System currently has two International Interconnections of a legal nature, one with 
Colombia through a 230 kV link, and another with Peru through charge block transfers. 
1.2. Structure of the electricity sector 

Figure 2 shows the interrelation of the actors in the electricity sector with the other control agencies. The 
Ecuadorian electricity sector is made up of a governing body that is the MEM, which through the Vice-
Ministry of Electricity and Renewable Energy, is the entity responsible for meeting the country's electricity 
energy needs, through the formulation of the pertinent regulations, development plans and sectoral policies 
for the efficient use of its resources. 

Figure 1 Energy consumption 2019 [1] Figure 2. Structure of the Ecuadorian electricity 
system [1]. 

The National Electricity Operator (CENACE) is a strategic technical body attached to the MEM, which will act 
as technical operator of the National Transmission System (NTS) and is the commercial administrator of the 
energy block transactions, and responsible for the continuous supply of electricity at the lowest possible cost, 
preserving the global efficiency of the sector [2]. 
Executive Decree 1036 issued by the Presidency of the Republic of Ecuador established the merger of the 
Mining Regulation and Control Agency (ARCON), the Hydrocarbons Regulation and Control Agency (ARCH) 
and the Electricity Regulation and Control Agency (ARCONEL) [3] into one single entity called: Agency for 
the Regulation and Control of Energy and Non-Renewable Natural Resources (ARC) since July 1, 2020. By 
provision of the Organic Law of ‘Public Electricity Service’ (PES), it corresponds to ARCONEL, in its legal 
nature (Art. 14) regulate and control the activities related to the public electric power service and the general 
public lighting service, safeguarding the interests of the consumer or end-users, having among its 
attributions the issuance of the regulations to which the electric companies; CENACE and consumers or end 
users; whether these are public or private, observing the energy efficiency policies, for which they are 
obliged to provide the information that is required, the same that are previously approved and issued by its 
Board of Directors. 
The Geological and Energy Research Institute (IIGE), created by Executive Decree No. 399 of May 15, 
2018, through the merger of two institutes focused on research into energy efficiency, renewable energy, 
geology, mining, and metallurgy. With the creation of the IIGE, scientific research regarding earth sciences is 
strengthened, which will improve institutional capacities by generating a specialized human and technical 
resource, with greater scope for scientific work, technological development, and local innovation. 
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Electricity Corporation of Ecuador (CELEC EP) is a public company, dependent on the MEM, which was 
born in 2009 after the nationalization and unification of various companies in the sector. Its objective is the 
generation and transmission of Electric Power. National Electricity Corporation (CNEL EP) is a public 
company established in 2008, to provide public services of distribution and commercialization of electrical 
energy. 
1.3. Energy production 
According to the CENACE [2], in 2019 the Gross Energy produced in 2019 was 27,733.96 GWh. By origin, 
around 88.39% (24,513.99 GWh) was obtained from hydraulic sources, 10.14% (2,811.52 GWh) from 
thermal sources, and 1.45% (402.62 GWh) from renewable generation, and the remaining 0.02% (5.83 
GWh) to international interconnections, as shown in Figure 3. The energy produced [2] from hydraulic 
sources has increased from 71.6% in 2017 to 88.39% in 2019. The Renewables gross production is 
distributed in 62% for Biomass, 20% Wind, 10% for Biogas and 8% for Photovoltaic Generation, as shown in 
Figure 4. 

Figure 3. Energy Production by source in year 
2019 

Figure 4. Renewables production in year 2019 

1.4. Energy demand 

The growth in energy demand in 2019 reached 8.12% compared to 2018. Table 1 includes a monthly 
comparative table of the energy demands of the Ecuadorian electricity sector between 2018 and 2019. 

Table 1.  Energy demand (GWh) 2018 and 2019 [2] 
Month 2018 2019 Percent change % 
January 2,064.02 2,096.56 1.58 
February 1,764.59 1,946.52 10.31 
March 1,970.88 2,150.00 9.09 
April 1,970.93 2,117.26 7.42 
May 1,999.55 2,162.90 8.17 
June 1,838.77 2,000.16 8.78 
July 1,862.94 2,042.18 9.62 
August 1,867.16 2,034.04 8.94 
September 1,845.81 1.974,23 6.96 
October 1,891.27 2,040.53 7.89 
November 1,870.50 2,059.80 10.12 
December 1,947.52 2,129.05 9.32 
Total 22,893.94 24,753.23 8.12 
The per capita consumption of electricity in 2017 was 1,157.99 kWh/inhabitant, according to the National 
Institute of Statistics and Censuses of Ecuador. 
1.5. Private Investment Opportunities 
The legal framework where the opportunity for private investment in the electricity sector is based are: 
o Concession Contracts (Art. 25 et seq. PES and 18 et seq. of its regulations) through MEM public 

selection processes. 
o Projects under the Public-Private Association modality are delegated Management Contracts (PES 

incentives for public-private associations). 
o Associative capacity of public companies to fulfil their business goals and objectives. Any type of 

association, strategic alliances, mixed economy companies with public or private sectors at the national 
or international level or within the popular and solidarity economy sector. (Art. 35 and following of the 
Organic Law of Public Companies). 

In December 2020, through a public selection process for the concession to the private electricity generation, 
the renewable projects Villlonaco II and III wind farms and El Aromo photovoltaic systems (PV), with an 
installed capacity of 110 MW, and 200 MW, respectively, were awarded to the Spanish companies 
Consortium Cobra Zero-E Villonaco and Solarpackteam. These awards involve the design, construction, 
operation, and maintenance of new power generation projects located in the provinces of Loja (wind) and 
Manabí (PV). 
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This research contains a number of preliminary research questions that have not been previously explored in 
detail, and that do not have definitive answers regarding the impact that generation projects would have on 
the Ecuadorian electricity sector, (i) what will Ecuador's energy planning be like and the income of the 
different generation projects to satisfy the energy demand during the period from 2020 to 2035?, (ii) what will 
be the energy production supplied by the renewable blocks in the Ecuadorian Electric System during the 
period from 2020 to 2035?, (iii) what will be the best scenario to satisfy the energy demand in the period 
2020 to 2035?, (iv) will it be possible to supply the demand for electrical energy without having Cardenillo 
and Santiago hydroelectric projects? 

2. Methodology 
2.1. Data availability 
In this chapter we will review the technical information available by the control agencies of the Ecuadorian 
electricity sector such as MEM, CENACE and ARC, which will serve as input data for our modelling in the 
Long Emissions Analysis Platform (LEAP).  
For the operational data, the CENACE 2019 Annual Report was used, for the forecast load and generation 
projection, the Electricity Master Plan 2018-2027 issued by the MEM was used, for certain specific data the 
System Data (SISDAT) Database was used, and the Annual and Multiannual Statistics of the Ecuadorian 
Electricity Sector 2018, Resolution ARCONEL – 069/16. 
2.2. Historic production 

The historical production for the year 2019 of the generation plants of the Ecuadorian Electric System was 
obtained from the CENACE Annual Report 2019, specifically in annex 2.3 (Net production by generation 
company [GWh] 2019). As shown in Table 2. 
Within the report issued by CENACE, the power plants or generation units whose historical production in 
2019 is zero have not been considered. This situation occurs because the effective capacity in hydroelectric 
generation that Ecuador currently has increased considerably in recent years, causing the lower capacity 
thermal plants to not be required in daily dispatches, other plants do not have the authorization of the 
governing bodies to participate in the Ecuadorian electricity sector, even though these plants are currently 
operational, additionally there is another group of plants that are intervened by the Ecuadorian state, whose 
equipment and components are deteriorating due to lack of operation and maintenance. Table 3 shows a 
summary of the companies with the drawbacks. 
2.3. Energy Capacity 
The energy capacity of the power plants and/or generation units was obtained by means of the Statistical 
Information Reports of the Ecuadorian Electricity Sector available in the SISDAT database of ARC as shown 
in Table 4. 

Table 2. Production by generation company [2] 

 
It was considered that the reports are of high quality and contain the fundamental information of the 
Ecuadorian Electric System, this information will be useful for our modelling in the LEAP software in the 
‘Exogenous Production’ section. 

Power Plant Jan. Feb. March April May June July Aug. Sept Oct. Nov. Dec.

C. F. Altgenotec 0.09 0.09 0.1 0.1 0.09 0.07 0.09 0.11 0.08 0 0 0
C. F. 
Brineforcorp

0.11 0.12 0.14 0.13 0.1 0.07 0.06 0.09 0.09 0.07 0.1 0.13

C. H. Minas San 
Francisco

28.57 14.42 38.89 52.63 7.29 6.49 38.39 38.49 12.88 17.95 25.09 25.6

C.H. Minas San 
Francisco

21.28 40.52 26.09 21.72 43.64 11.21 28.39 38.49 12.88 17.95 25.09 25.6

C. H. Coca Codo 
Sinclair

565.86 483.61 544.62 536.66 533.94 524.1 370.12 524.1 550.7 572.52 584.541 591.15

C. H. 
Manduriacu

12.95 16.73 20.39 15.14 18.24 14.65 11.95 11.31 7.66 5.28 14.36 19.3

C.H. Manduriaco 12.35 16.73 19.23 14.72 17.92 14.9 9.1 4.17 5.85 12.89 13.48 19.37

C. E. Villonaco 6.52 4.59 6.21 4.84 4.93 8.74 9.68 11.49 8.8 5.31 3.28 4.25
C. H. 
Delsitanisagua

39.84 19.68 19.13 0 11.12 12.7 8.68 0 0 23.15 28.08 33.71

C. H. 
Delsitanisagua

27.88 26.9 17.02 14.71 16.83 11.13 12.29 0 0 23.61 31.35 35.03

C. H. 
Delsitanisagua

21.25 14.61 13.71 31.51 13.35 17.63 11.92 0 0 22.44 25.74 31.84

C. H. Alazán 1.14 2.54 2.68 2.64 1.76 1.5 2.61 2.16 2.82 2.8 2.19 2.16

C. T. Jaramijó 20.99 19.05 21.29 22.35 21.32 21.14 22.92 19.13 13.04 24.15 9.38 9.38

C. T. Manta 2 2.96 3.06 3.16 4.54 5.23 4.02 4.39 3.44 2.38 4.15 4.06 4.52

C. T. Miraflores 0 0.01 0 0 0 0 0.01 0 0 0.01 0 0.01

C. T. Miraflores 0.13 0.3 0.24 0.21 0.3 0.1 0 0.01 0.01 0.02 0.02 0.01

C. T. Miraflores 0.14 0.36 0.29 0.26 0.29 0.1 0 0.01 0.01 0.02 0.02 0.01

C. T. Miraflores 0 0.01 0 0 0 0 0.01 0 0 0.01 0 0.01

C. T. Miraflores 0.04 0.23 0.22 0.05 0.23 0.01 0 0 0.01 0.02 0.02 0.01

C. T. Miraflores 0.04 0.15 0.14 0.23 0.19 0.03 0 0.01 0.01 0.02 0.02 0.01



Table3. Companies with problems in their legalization 
Company Nominal Power [MW] Fuel 

Termoguayas Generation 150 Fuel Oil 6 
Electroquil 180 Diesel Gas Turbine 
Intervisa Trade 105 Diesel Gas Turbine 
Ulysseas 30 Naphtha 

In accordance with the provisions of the Electricity Master Plan, the expansion of generation will be carried 
out with the following objective: Guarantee the supply of electricity in Ecuador through the optimal expansion 
of the electric power generation stage, in the short, medium and long term, with criteria of efficiency, 
sustainability, quality, continuity and security; promoting the use of renewable energy resources, in an area 
of sufficiency, energy sovereignty, social and environmental responsibility; considering technical, economic, 
financial and administrative aspects. 
Table 5 details the Electricity Generation projects that are under construction, Table 6 details the Electric 
Power Generation projects with Enabling Titles. Table 7 details the hydroelectric projects with more than 500 
MW that have a final study and design, and Table 8 presents the summary of the generation projects for the 
case of the productive matrix that are additional to the Base case, detailing the most probable date of 
commercial operation, the name of the generation project, the company or institution in charge, the current 
state (construction, studies, etc.), if the project is financed with public or private funds, the type of technology 
(hydroelectric, thermoelectric, Non-Conventional Renewable Energies, among others), the nominal power 
(MW ), and the estimated average annual energy (GWh/year). 
2.4 Generators factors of maximum availability 
Resolution No. ARCONEL-069/16, in its literal 4, defines the referential availability factors: 

“…the referential availability factors are detailed by type of technology of the generating plants, which will 
serve for the comparison of the monthly average availability factor; and, for the liquidation of the fixed 
charge or annuity.” 

These Values are presented in Table 9. The referential maximum availability values indicated by the 
resolution do not consider the Generation systems with renewables, for this reason due to the availability of 
their primary energies such as wind and solar energy, in our modelling we will enter the value of 100%. for 
this type of technology. 

Table 4. Energy Capacity of National Grid Generators 

 

Company Investment Power Plant Type Power subtype Energy Type Nominal 
Power (MW)

Effective 
Power (MW)

Nominal Power 
to public service 

(MW)

Algenotec Private Algenotec Solar Fotovoltaic Renewable 0.936 0.936 0.936

Brineforcorp Private Brineforcorp Solar Fotovoltaic Renewable 0.999 0.999 0.999

CELEC–Coca Codo 
Sinclair Public Manduriacu Hydro Hydro Renewable 63 65 63.36

CELEC–Coca Codo 
Sinclair

Public Coca Codo 
Sinclair

Hydro Hydro Renewable 1,500 1,476 1,500

CELEC- Electroguayas Public Trinitaria Thermoelectric Turbovapour Non-renewable 133 133 133

CELEC- Electroguayas Public Gonzalo Zevallos 
(Vapour)

Thermoelectric Turbovapour Non-renewable 146 140 146

CELEC- Electroguayas Public Gonzalo Zevallos 
(Gas)

Thermoelectric Turbogas Non-renewable 26.265 20 26.265

CELEC- Electroguayas Public Enrique Garcia Thermoelectric Turbogas Non-renewable 102 96 102

CELEC- Electroguayas Public Santa Elena II Thermoelectric Internal 
Combustion motor

Non-renewable 90.1 65.025 90.1

CELEC- Electroguayas Public Santa Elena III Thermoelectric Internal 
Combustion motor

Non-renewable 41.7 40.002 41.7

CELEC-Gensur Public Villonaco Wind Wind Renewable 16.5 16.5 16.5

CELEC-Gensur Public Delsitanisagua Hydro Hydro Renewable 180 180 180

CELEC_Hidroagoyán Public Pucará Hydro Hydro Renewable 73 73 73

CELEC_Hidroagoyán Public Agoyán Hydro Hydro Renewable 160 156 160

CELEC_Hidroagoyán Public San Francisco Hydro Hydro Renewable 230 212 230

CELEC_Hidroazoguez Public Alazán Hydro Hydro Renewable 6.23 6.23 6.23

CELEC-Hidronación Public Marcel Laniado Hydro Hydro Renewable 213 213 213

CELEC-Hidronación Public Baba Hydro Hydro Renewable 42.2 42 42.2

CELEC-Sur Public Molino Hydro Hydro Renewable 1075 1,100 1,075

CELEC-Sur Public Mazar Hydro Hydro Renewable 170 170 170

CELEC-Sur Public Sopladora Hydro Hydro Renewable 486.99 486.9 486.99

CELEC-Sur Public Minas San 
Francisco

Hydro Hydro Renewable 270 270 270

CELEC-Termoesmeraldas Public Esmeraldas I Thermoelectric Turbovapour Non-renewable 132.5 125 132.5

CELEC-Termoesmeraldas Public La Propicia Thermoelectric
Internal 

Combustion motor Non-renewable 10.5 8.5 10.5



Table 5. Electricity Generation Projects under Construction [1] 
Project/Power Plant Company Public or private Type Power [MW] Average Energy 

[GWh/year] 
Toachi - Pilatón CELEC EP - 

Hidrotoapi 
Public Hydro 254.40 1,120 

Machala Gas Ciclo 
Combinado 

CELEC EP – 
Termogas Machala 

Public Thermoelectric 110 690 

Machala Gas 
Tercera Unidad 

CELEC EP – 
Termogas Machala 

Public Thermoelectric 77 510 

Minas de 
Huascachara 

Elecaustro S.A. Public Wind 50 119 

Quijos CELEC EP – Coca 
Codo Sinclair 

Public Hydro 50 355 

Piatúa San Francisco 
Genefran S.A. 

Private Hydro 30 210 

Sabanilla Hidrelgen S.A. Private Hydro 30 210.5 
Rio Verde Chico Hidrosierra S.A. Private Hydro 10 74.3 
Chalpi Grande EPMAPS EP Public Hydro 7.59 36 
Mazar-Dudas: 
Dudas 

CELEC EP - 
Hidroazogues 

Public Hydro 7.38 41.4 

Mazar-Dudas: San 
Antonio 

CELEC EP – 
Hidroazogues 

Public Hydro 7.19 44.9 

San José de Minas Hidroeléctrica San 
José de Minas S.A. 

Private Hydro 5.95 48 

Chorrillos Hidrozamora EP Public Hydro 4 23.2 
Ulba Hidroulba S.A. Private Hydro 1.02 8.4 

TOTAL  644.5 3,490.6

Table 6. Power Generation projects with Enabling Titles [1] 
Project/Power Plant Company Public or private Type Power [MW] Average Energy 

[GWh/year] 

Ibarra Fugúa Hidro Ibarra Fugúa Private Hydro 30 208.4 
El Salto Hidroequinoccio EP Public Hydro 30 247 
La Magdalena Hidroequinoccio EP Public Hydro 20 167 
Soldados Yanuncay, 
Central Yanuncay 

Elecaustro S.A. Public Hydro 14.6 79.5 

Pilaló 3 Qualitec Comercio e 
Industria Cía. Ltda. 

Private Hydro 9.3 68.7 

Maravilla Hidroequinoccio EP Public Hydro 9 61.6 
Chalpi Grande EPMAPS EP Public Hydro 7.59 36 
Soldados Yanuncay, 
Central Soldados 

Elecaustro S.A. Public 
 

Hydro 7.2 39.2 

Pichacay II EMAC-GBP Mixed Biogas 1 3.5 
El Laurel CBS Energy Private Hydro 0.97 6.8 

TOTAL    130 918 

Table 7. Hydroelectric projects with more than 500 MW [1] 
Project Technology Power [MW] Average Energy [GWh/year] 

Santiago Hydro 2,400 14,613 
Cardenillo Hydro 596 3,409 

TOTAL  2,996 18,022 

Table 8. Summary of Electricity Generation projects [3] 
Year of 

entry into 
operation 

Project State Public or 
private 

investment 

Type Power 
[MW] 

Average 
Energy 

[GWh/year] 

2018 Normandía In operation Private Hydro 49.6 350.3 
2018 Delsitanisagua In operation Public Hydro 180 1,411 
2019 Minas – San Francisco In operation Public Hydro 274.5 1,290.8 
2019 Pusuno In operation Private Hydr 

o 
39.5 216.9 

2019 Rio Verde – Chico In operation Private Hydro 10 74.3 
2020 San José de Minas In construction Private Hydro 5.95 48 
2020 Machala Gas Tercera unidad In construction Public Thermoelectric 77 510 



2020 Mazar – Dudas: San Antonio Paralyzed Public Hydro 7.19 44.9 
2020 Minas de Huascachaca In construction Public Wind 50 119.0 
2021 Machala Gas Ciclo 

Combinado 
In construction Public Thermoelectric 110 680 

2021 Piatúa In construction Private Hydro 30 210 
2021 Chalpi Grande In construction Public Hydro 7,59 36 
2021 Toachi – Pilatón (Sarapullo 39 

MW, Alluriquín 205.4 MW)  
In construction Public Hydro 254.4 1,120 

2021 La Magdalena Operation 
authorization 

Public Hydro 20 167 

2021 Maravilla Operation 
authorization 

Public Hydro 9 61.6 

2021 Ibarra - Fugúa Concession contract Private Hydro 30 208.4 
2021 Mazar – Dudas: Dudas Paralyzed Public Hydro 7.38 41.4 
2021 Sabanilla In construction Private Hydro 30 210.5 
2022 El Salto Operation 

authorization 
Pubic Hydro 30 247 

2022 Chorrillos Paralyzed Public Hydro 4 23.2 
2022 Soldados Yanuncay, Central 

Soldados 
Operation 

authorization 
Public Hydro 7.2 39.2 

2022 PV Aromo and Wind: 
Villonaco II and III. 

Structured public 
selection process 

Private Renewables 500 1,700 

2023 Soldados Yanuncay, Central 
Yanuncay 

Operation 
authorization 

Public Hydro 14.6 79.5 

2023 Quijos Paralyzed Public Hydro 50 355 
2023 Bloque Ciclo Combinado I Structured by public 

selection process 
Public ERNC 400 3,000 

2023 Bloque ERCN II In studies Private 
and/or 
public 

Thermoelectric 400 1,400 

2023 Bloque Ciclo Combinado II In studies Private 
and/or 
public 

Thermoelectric 600 4,500 

2024 Santa Cruz Minig self-generation 
in process 

Private Hydro 100 560 

2025 Bloque de Proyectos 
Hidroelectricos I 

In studies Private 
and/or 
public 

Hydro 150 850 

2026 Bloque de Proyectos 
Hidroelectricos II 

In studies Private 
and/or 
public 

Hydro 150 850 

2026 Bloques de Proyectos 
Geotérmicos 

In studies Private 
and/or 
public 

Geothermic 50 380 

2026 Paute - Cardenillo In public selection 
process 

Private Hydro 595.6 3,409 

2026 Santiago (G8), Fase I In public selection 
process 

Private Hydro 1,200 9,874 

2027 Santiago (G8), Fase II In public selection 
process 

Private Hydro 1,200 4,739 

 Total 6,644 38,816

Table 9. Factors of maximum availability [2] 
Type Technology AFref 

Hydro Reservoir 0.92 
Hydro Run-of-the river 0.90 
Thermal Vapour 0.80 
Thermal Gas 0.80 
Thermal Internal Combustion motor 0.80 

 
2.5. Other considerations 
Within this study, the following special aspects must be considered, referring to the generation projects that 
will enter in the following years: 
o The Paute-Cardenillo Hydroelectric Project is the last project to be built for the development of the Paute 

River Complex and will work jointly with Sopladora, Mazar and Molino. It will have an installed capacity of 



596 MW. The referential investment of the project has a cost of USD 1.3 billion and will be awarded to the 
private company that will be responsible for the design, construction, implementation, administration, 
operation, and maintenance of the project. 

o The Santiago hydroelectric project is in the southeaster region of Ecuador, it is located on the river of the 
same name within the Amazon hydrographic region, in the Tiwintza, Limón Indanza and Santiago de 
Méndez cantons, in the province of Morona Santiago, it will have an installed capacity of 3,600 MW. Due 
to its size, it will be executed in phases. This project will also be concessioned to a private company. 

o The renewable blocks corresponding to technologies such as hydroelectric, wind, solar and biomass are 
projects that will be in different sectors of the country, and that will be concessioned to private companies 
according to the structured legal framework. 

o The Chespi, Chontal, Tortugo and Tigre Hydroelectric Generation projects with a total capacity of 943 
MW have the following investment time: Chespi (48 months, USD 793 million), Chontal (60 months, USD 
435 million), Tortugo (50 months, USD 471 million) and Tigre (54 months, USD 215 million) are 
considered in our modelling. 

Additionally, for the analysis of the demand, it is necessary to consider the hypotheses raised in the Master 
Plan, where the industrial city of Posorja is considered and from 2030 it will be a normal scenario of demand 
growth, the needs are projected for 12,000 GWh energy and 3,000 MW power. 
Within the operational planning of the electrical system, there must be a rolling reserve that can act in the 
event of possible dynamic scenarios or sudden increases in demand, according to what is established by the 
Master Plan, this reserve is around 20% in the Ecuadorian Electrical System. Which considers the technical 
reserve, the primary frequency regulation, and the secondary frequency regulation. 
Additionally, the cold reserve must be considered, unlike the rolling reserve, this is not available immediately. 
The cold reserve is the part of the non-rolling reserve (hydraulic or thermal) that can come into service and 
reach its available power in a time of no more than 15 minutes, which are within a merit list, to cover the 
deficit of generation reserve caused by various contingencies that occur in the system. 
The cold reserve amount will be determined based on a reliability study, while in the case of the NTG it has 
been technically determined. The maximum value of the cold reserve according to the dispatch and 
operation procedures (of CENACE) must be equal to the generation unit with the highest power dispatched, 
thus preventing way the probable loss of the largest generation of the system. 

3. Results 
This section details the results to carry out the modelling of our Ecuadorian Electric System, for which we 
use the LEAP program [4], obtaining an analysis of the planning of electric power generation systems. The 
planning of electrical power systems represents a great economic development, for this reason it is 
necessary to define strategies for its expansion in the medium and long term, within this scenario the 
forecasted load plays an important role, for this reason we will follow the approaches determined in the 
Master Plan. The analysis carried out exclusively involves the expansion of generation and its attention to 
the scheduled demand, the expansion of the Transmission and Distribution Systems that require additional 
investments is not being considered, although the power losses did were considered. 
The Hypotheses that we will present below are those found in the Master Plan where three study hypotheses 
are proposed that generated seven projection scenarios in LEAP, of which six were inherited from a trend 
scenario of energy demand. The study hypotheses will allow the construction of scenarios that will manage 
to articulate the policy of productive development, energy efficiency and basic industries (Master Plan). To 
make a projection from 2020 to 2035, the possible trends in the short, medium, and long term were entered 
with the aim of being able to determine the energy needs in the stages of generation and transmission of 
Electric Power. From 2030 to 2035, a normal increase in demand growth has been considered; needs of 
12,000 GWh and 3,000 MW are projected. To enter the data of the demand 2030 to 2035 in the LEAP 
program in the base scenario we must create a folder in the Demands branch that we will call 2030 loads 
where an ‘energy-intensive technologies" will be created, when selecting the reference case, we locate the 
variable ‘Final Energy Intensity’. In this scenario, it contemplates what is the upward growth trend of users of 
industrial, commercial, and residential consumption. An average annual growth of 5.44% is estimated from 
2018 to 2027, reaching 33,840 GWh in 2027 (Master Plan chapter 3 Electricity Demand, page 84) 
considering the average annual growth of 2.43% in users, reaching 6.48 million of users in 2027. 
Hypothesis 1 corresponds to the projection baseline, which considers the trend growth of electricity demand; 
it incorporates econometric models, analysis of previous periods and analytical schemes. Hypothesis 2 
results from incorporating into the projection baseline Hypothesis No. 1, the singular loads of the industrial 
group, which are linked to mining, cement, steel, oil, transportation, among others; energy efficiency projects, 
the load of the agricultural and agro-industrial community of Ecuador and to the Connection of the NTG with 
the Interconnected Petroleum Electric System (SEIP), with the purpose of optimizing the use of energy 
resources in an integral way (Master Plan, Chapter 3 page 92). The singular loads correspond to the 
electrical demand of industries that are expected to grow or expand. The singular loads were classified as: 



singular loads in operation and projected. The data for each classification can be found in the Electricity 
Master Plan in Chapter 3, page 94. Due to its importance, in the projection of electricity demand, the 
incorporation of new technologies that are commercialized in the future were considered, the incorporation of 
which foresees significant electricity requirements. These projects are the Quito (capital city) Metro, the 
Cuenca (third city) Tram, electromobility (mass transportation) and the entry of electric vehicles. (Master Plan 
Chapter 3 page 95). For the hypothesis No. 3, in addition to all mentioned in hypothesis 2, the incorporation 
of the demand corresponding to Basic Industries, thereby obtaining the power and energy requirements of 
the electrical system in all functional stages, this scenario is what is called the Productive Matrix Case for the 
elaboration of the expansion studies of generation and transmission. (PME Chapter 3 page 96). 
The Master Plan proposes the construction of two emblematic hydroelectric projects Cardellino and Santiago 
with an installed capacity of 596 MW and 3,600 MW, respectively. The decision of how to include the Central 
Santiago to the NTG is complex because within the planning there are many important variables that are 
currently not clearly defined regarding the concession, adjudication, construction timeline, operating stages 
and in how many years would be the most beneficial for its commissioning and operation, for this reason five 
additional scenarios inherited from hypothesis 3 are proposed. 
Scenario 1 where the Renewable Blocks and the Hydroelectric Plants made up of Chespi, Chontal, Tortugo 
and Tigre are included to the NTG, but the contribution of Santiago and Cardenillo is not considered. 
Scenario 2 corresponds to the inclusion of Cardenillo (2026), does not consider the contribution of Santiago. 
Scenario 3 which includes Santiago with a power of 3,600MW in the following possible phases of operation: 
(i) phase 1: 1,800 MW (2026) and phase 2: 1,800 MW (2030); (ii) phase 1: 2,400 MW (2026) and phase 2: 
1,200 MW (2030); and phase 1: 1,200 MW (2026), phase 2: 1,200 MW (2028) and Phase 3: 1,200 MW 
(2030). 
This section shows the results of the LEAP simulations regarding the demand and energy generated by the 
power plants modelled in each of the scenarios proposed with their respective hypotheses. This Section is 
organized as follows: Section 3.2 corresponds to the demand results for each of the hypotheses of the 
proposed scenarios. In Section 3.3 is the energy planning of the system for each of the proposed scenarios. 
3.1 Demand 
The demand for electricity is presented with a growth of 5.44% for the period from 2020 to 2035, confirming 
an entry of singular loads projected in operation from 2020 to 2035, the entry of the transportation load 
corresponding to transportation in year 2020, the export of energy is maintained in the same current terms, 
the development of the industrial city of Posorja from 2023 and from 2030 the demand increases by 12,000 
GWh. The demand results for hypothesis (number 3) are shown in Figures 5 (graph) and 6 (tabular), 
respectively. 

Figure 5. Graph - demand results for Hypothesis 3 

 
 
 
 
 

 
Figure 6. Tabular - demand results for 
Hypothesis 3 

For Hypothesis 2, the demand presents a growth of 5.44% for the period between 2020 and 2035, transport 
charges and singular charges are considered from the year 2020, we maintain electricity exports and energy 
requirements from of 2030. The results obtained are shown below in Figures 7 and 8. For Hypothesis 1, 
demand presents a growth of 5.44% for the period from 2020 to 2035, we maintain electricity exports and 
energy requirements from 2030. The results obtained are shown below in Figures 9 and 10. 
3.2. Generation 
3.2.1. Hypothesis 1 

For Hypothesis 1, in the final year of the analysis, 2035, there is a generated energy of 75,058 GWh and an 
estimated demand of 72,896 GWh. The maximum installed generation capacity is given in the year 2028 
with 11,605 MW. In Figure 11 we observe the energy supplied by the generation plants. 
3.2.2. Hypothesis 2 



For Hypothesis 2 in the year 2035 there is an energy of 81,442 GWh and an estimated demand of 79,096 
GWh. The maximum installed generation capacity occurs in the year 2028 with 11,605 MW. In Figure 12 we 
observed the energy supplied by the generation plants. 

Figure 7. Graph - demand results for Hypothesis 2 

 
 
 
 
 
 
 
 

Figure 8. Tabular - demand results for 
Hypothesis 2 

Figure 9. Graph - demand results for Hypothesis 1 

 
 
 
 
 
 
 

Figure 10. Tabular - demand results for 
Hypothesis 1 

3.2.3. Hypothesis 3 

For Hypothesis 3 in the year 2035 there is a generated energy of 89,320 GWh and an estimated demand of 
89,380 GWh. The maximum installed generation capacity is given in the year 2028 with 11,605 MW. In 
Figure 13 we observed the energy supplied by the generation plants. 
3.2.4. Hypothesis 3 – Cardenillo 

For Hypothesis 3 and entry of the Cardenillo Power Plant in 2026, in 2035 there is a generated energy of 
91,690.4 GWh, an estimated demand of 89,380 GWh and an installed capacity of 11,261 MW. The 
maximum installed generation capacity occurs in the year 2028 with 12,201 MW. In Figure 14 we observed 
the energy supplied by the generation plants. 
3.2.5. Hypothesis 3 – Santiago A 

For Hypothesis 3 and the entry of the Santiago Power Plant in 2026 with 1,800 MW, there is an installed 
capacity in the system of 13,601 MW. When the second phase of 1,800 MW enters in 2030, there is the 
capacity maximum installed in the system of 15,801 MW., and in the year 2035 we have a generated energy 
of 92,031 GWh and an estimated demand of 89,380 GWh. In Figure 15 we observed the energy supplied by 
the generation plants. 
3.2.6. Hypothesis 3 – Santiago B 

For Hypothesis 3 and entry of the Santiago Power Plant in the year 2026 with 2,400 MW., there is an 
installed capacity in the system of 13,661 MW., when entering the second phase of 1,200 MW in the year 
2030, there is the maximum capacity in the system of 15,801 MW., and in the year 2035 we have a 
generated energy of 92,031 GWh and an estimated demand of 89,380 GWh. In Figure 16 we observed the 
energy supplied by the generation plants. 



Figure 11. Energy supplied by the Generation Plants - 
Hypothesis 1 

 

Figure 12. Energy supplied by the Generation 
Plants - Hypothesis 2 

 
Figure 13. Energy supplied by the Generation Plants 
- Hypothesis 3 

 
Figure 14. Energy supplied by the Generation 
Plants – Cardenillo 

 

Figure 15. Energy supplied by the Generation Plants - 
Santiago A 

Figure 16. Energy supplied by the Generation 
Plants - Santiago B 

3.2.7. Hypothesis 3 – Santiago C 

For Hypothesis 3 and the entry of the Santiago Power Plant in 2026 with 1,200 MW, there is an installed 
capacity in the system of 12,461 MW. When the second phase of 1,200 MW enters in 2028, we have an 
installed capacity of 14,601 MW., and when entering the final phase of 1,200 MW in the year 2030, we have 
the maximum capacity in the system of 15,801 MW., in the year 2035 we have a generated energy of 92,031 
GWh and an estimated demand of 89,380 GWh. In Figure 17 we observed the energy supplied by the 
generation plants. Regarding renewables, we can see the importance of this group, Figures 18 shows where 
we see its growth from the projects awarded recently, which would be the beginning of a group of projects 
that will be fundamentally for the energy development of the country contributing additionally to minimizing 
CO2 emissions. 



 
Figure 17. Energy supplied by the Generation 
Plants - Santiago C 

 
Figure 18. Graph - Energy supplied by the 
Renewables Hypothesis 3 - Santiago C 

4. Discussion 
Although in this paper the authors has carried out a systematic and brief review of what corresponds to the 
Ecuadorian Electric Sector reviewing its regulations and energy planning for the period 2020-2035, we have 
to indicate that the results of the simulations for each scenario indicate how the generation will be distributed 
over time, although we guarantee that the different loads are attended in all the periods analysed, there will 
always be maintenance, contingencies and other internal and external eventualities to which one must be 
prepared, as the success of continuing to have generation that meets our demand, as well as possible 
energy exports to neighbouring countries depends exclusively on the continuation of the energy policies 
carried out by the current National Government. 
There will be many criteria that differ specifically with the inputs of specific generation, with the way in which 
the expansion of the system is proposed, energy policies, cost of energy, etc., but there is a point in which all 
the technicians and officials of the In the electricity sector we converge, attention to demand and avoid 
energy rationing in the near future, we must maintain this perspective, for years we have seen how the 
electricity sector has not had the continuity that is required and the results are in history and as in a previous 
era, there was a severe impact on the electricity supply. Additionally, we could optimize the income of new 
projects by applying non-traditional methods for their study where costs have their own decision scenario. 
The updating of the data as well as the useful life of the equipment proposes a vision of reengineering and 
replacement of generators that due to useful life must be replaced in the future. 

5. Conclusion 
The analysis of the demand and the energy planning of the generation was carried out in different scenarios, 
for this reason the values proposed in the available technical information were used, it is necessary over 
time to be able to guarantee that the hypotheses proposed for the demand can be met or adjustments must 
be made that lead to a rescheduling in relation to long-term energy projects. The Santiago hydroelectric 
project becomes essential for the country's energy development. It has been shown that the National Electric 
Power System would not be able to supply the demand for electricity when the industrial city of Posorja is 
under development. 
If we want to maintain Ecuador's electricity trade balance as an Electricity exporting country, we must 
continue with the energy investment plans currently issued by the MERNNR, otherwise we will once again 
need imports from the existing binational electrical interconnections with Colombia and Peru. 
The production of renewables in the Ecuadorian Electric System will have a substantial increase from 2023 
with the concession of the EL Aromo and Villonaco projects (II and III).  
Once the analysis of the different scenarios of the phases in which the Santiago hydroelectric project could 
be put into operation, it can be concluded that the best option is to divide it into three phases of 1,200 MW 
each and that revenues should be in 2026, 2028 and 2030 respectively. In this way, it could be supplied 
without the projection of the most critical demand raised by the MEM. 
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Abstract: 
The global call for an environmentally friendly, sustainable and reliable distributed energy community is gaining 
traction nowadays, pushing the scientific community to explore novel multi-energy system layouts for highly 
decarbonised design. The complexity of highly integrated systems resides in selecting the components optimal 
capacities and establishing the demands for electricity, cooling and heating. While traditional fossil-based 
centralised distribution is not affected by intermittencies of renewables, highly decarbonized decentralised 
energy communities need to cope with the variability – in the short and long term – of renewables and the end-
users demands. The scientific community addresses this problem by integrating various energy storage 
technologies in the energy community, but the selection of the most suitable technology and the related optimal 
capacity requires advanced optimisation tools capable of simulating years of the system operations, including 
stochastics factors that affect prices, costs and carbon taxes and regulations. The authors developed over the 
last five years the DECAPLAN™ Digital Platform capable of solving master-planning and optimal dispatch 
strategy problems. DECAPLAN™ includes hybrid heuristic/deterministic algorithms, based on a 
Genetic/MINLP solver, for establishing the optimal energy community design in respect of financial indicators, 
such as NPV, ROI and CO2 per year. In the paper, the authors present a real case in the Mediterranean Tropic 
region, showing a sensitivity analysis of the effect of environmental policies on the whole system design. 
Results in terms of energy community optimal component selection and optimal dispatch strategy are 
presented together with a sensitivity analysis on the effect of fuel and CO2 tax prices variability over the next 
decade.  
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1. Introduction 
Scientists are calling for an energy transition [1] which must confront the limitations of reality , and specifically 
address the inadequate infrastructures that currently exist. The electricity sector is the primary focus of this 
transition, as evidenced by the significant increase in the installation of electric renewables over the past two 
decades [2], which has largely been achieved through a centralized approach that involves connecting new 
renewable energy power plants to the grid. While this has reduced the Primary Energy Factor of the Power 
Grid, it has also placed additional stress on the grid due to the influx of new energy production [3]. To address 
the balancing issues that result from the mismatch between energy demand and production, storage facilities 
have been included, but their limited size and high costs have impacted the grid's operation [3, 4, 5]. In light of 
this, it is necessary to consider the energy balance at the national level as the sum of smaller-scale energy 
balances, highlighting the crucial role of local Distributed Energy Communities (DECs) [16] in achieving a more 
balanced and sustainable energy mix [7, 8, 9]. By reducing changes and stress on the grid infrastructure, local 
energy communities can focus on local emission factors linked to energy mixes [10], leading to a decentralized 
search for renewable energy plants and the establishment of Renewable Energy Communities codified in the 
EU Directive REDII. Additionally, incentive schemes supporting Self-Consumption aim to provide community 
members with shared added value in terms of environmental and financial impacts throughout the energy 
chain [12, 13].  
Solar PV and Solar Collectors on the roof, hot water storage, electric batteries in the basement are the most 
used tools made available to the citizens to participate to this new entity. Beside them, innovative technologies 
are taking place such hydrogen energy systems. Similarly, centralized approach for assisting the Grid is taking 
place first even with the limitations in size and impact due to the high costs. Later, small scale hydrogen energy 



systems are seeing interest thanks to devices like the reversible fuel cells offering the production and utilization 
of hydrogen as a service for the buildings and in cooperation with other sectors like the mobility. 
The integration of DECs in the existing infrastructure is a challenge faced by the scientific community in the 
last decade and affects the large scale DECs development due to some limitation such as the Capital 
Investment Cost, the Intermittency and variability of the renewable energy resources, the limited capacity 
related to the site-specific conditions and also on the technical challenge of integrating DECs into the existing 
grid. Indeed, to accommodate the DECs power generation it could be required to upgrade the grid 
infrastructure and may involve significant regulatory and policy changes.  
Furthermore, in order to answer the call for higher decarbonization DECs, the integration of multi-energy highly 
integrated systems allows for drastically reduction in CO2 emissions but not necessarily in a easy-to-implement 
techno-economic manner. Accordingly, the selection of the most suitable technology and the related optimal 
capacity requires advanced optimisation tools capable of simulating years of the system operations, including 
stochastics factors that affect prices, costs and carbon taxes and regulations. The authors developed 
DECAPLAN™ digital platform capable of solving master-planning and optimal dispatch strategy problems. 
DECAPLAN™ includes hybrid heuristic/deterministic algorithms, based on a Genetic/MINLP solver, for 
establishing the optimal DEC design in respect of financial & environmental indicators, such as NPV, ROI and 
CO2 emitted per year. In the paper, the authors present a real case in the Mediterranean Tropic region, 
showing results in terms of energy community optimal component selection and optimal dispatch strategy, 
together with a comparative analysis on the achievable Operating Cost (OPEX) savings and CO2 emission 
reductions related to DEC configuration complexity.  
 

2. Technical Background 
The role of citizens regarding energy consumption and production has progressively changed during the last 
years. From passive energy consumers, they have become “prosumers” or active energy consumers because 
they both consume and produce energy, mainly through the installation of photovoltaic (PV) panels on their 
rooftops [14]. Renewable Distributed Energy Communities (DEC) can be defined as a group of prosumers 
composed of diverse users (e.g. individual households, municipal bodies, private businesses etc.) who share 
power plants for the generation and self-consumption of electricity, cooling and heating from renewable energy 
sources [15]. The diffusion of Renewable DECs produces benefits in terms of sustainability, costs and safety 
[16, 17] because DECs show:  

• Localized generation of highly decarbonized electricity, cooling and heating, concurrently reducing 
CO2 emissions, fuel poverty and energy losses during distribution.  

• reduced grid fees and energy costs; 
• flexibility of the energy usage due to the integrations of energy storage technologies for allowing peak 

shaving operations at DECs level.  
DECs are also characterized by social innovation because they reinforce support between citizens and 
encourage their participation towards climate neutrality and energy transition through a democratic control over 
energy investments [18].    
 
2.1. Existing Distributed Energy Community and the reference case  
Renewable Distributed Energy Communities are progressively spreading in Europe, mainly in Germany, 
Denmark and Netherlands [18]. Italy is still characterized by a much lower number of active communities, equal 
to around 20 [19, 20].  

 
Figure 1. Schematic representation of the Renewable DEC of this study 



According to literature [18 - 21], solar technologies are the most common used in Renewable DECs. Indeed, 
solar panels and solar collectors allows for quick and easy-to-customize installations suitable for rooftops of 
different buildings such as households, public buildings, and farms.  Another important characteristic of existing 
energy communities is in the local production and consumption of energy, combined - when possible - with a 
variety of end-user uses of energy with the aim to match demand and generation, minimizing energy 
import/export from/to the power grid.  
In this paper, the authors model and investigate the environmental and economic viability of different 
configurations of a Renewable DEC located in the Mediterranean Tropic region (latitude of around 
37° 35' 59.9784"), where solar availability is relatively huge. The Renewable DEC is made up taking the main 
features of a real DECs and the overall demands of heat, domestic hot water, electricity, and cooling into 
consideration. The DEC account for a real municipality of around 350-400 inhabitants 
The load demands of electricity, heating and cooling have been evaluated by considering that the DEC serves 
different types of users. Indeed, specific load profiles for different destination of usage have been combined, 
and mainly are related to:  

• a shopping center with a supermarket, a coffee bar and a chemist’s. 
• a sport club.  
• a town hall. 
• 200 households  

The authors present different DEC configurations (case studies A1 – E5), based on the DEC layout given in 
figure 1, varying the equipment technology and related installed capacity for supplying the end-users needs.  
The DEC layout modelled by the authors and adopted for running the simulations is depicted in figure 1 
together with the equipment providing for the generation and consumption of the required end user demands 
in terms electricity, heating and cooling. Indeed, the system has been modelled in buses as described below: 

• Electricity Bus: Solar PV (PPV), Battery Discharge (PB-) and Power imported from the grid (Pimp) are 
the positive contribution for the positive terms for the electric load generation, while Heat Pump (PHP), 
Battery Charge (PB+), Air-condition/Chiller System (PAC/CH) and power exported to the grid (Pexp) are 
negative ones. 

• Heat Bus: Natural Gas fed Boiler (HBO), Heat Pump (HHP) and Solar Thermal Collector (HSTH) are 
contributing to the satisfaction of the Heat Load demand (HLoad), while Absorption Chiller (HABCH) is 
reducing the HLoad generation, for supplying the Cooling Load (CLoad).  

• Cooling Bus: the CLoad is supplied by AC/Chiller (CAC/CH) and by the Absorption Chiller (CABCH) cooling 
generation equipment.  

The DEC can import and export electricity from or to the grid in case of lack or excess of production from the 
installed plants in the community, as shown in Figure 1.   
 
2.2. The sensitive Parameters characterizing DECs 
As mentioned in Paragraph 2, DEC can serve different kinds of end-consumers and related needs. 
Accordingly, the load demands of electricity, domestic hot water, cooling, and heat of the community are 
obtained by combining each of the load demands related to the various end-users in the DEC. Indeed, each 
consumer has specific load demands [22], which vary on the basis of the time period of the day and of the 
week (e.g. working days and holidays), the month of the year and the season. Other factors impacting on the 
load curves are [23, 24]: 

• building size and architecture, looking at gross floor area (GFA) (m2) and volumetric extension (m3); 
• building energy class and the related energy efficiency policies for planning; 
• differentiation between regions and countries in terms of climate (e.g. DNI, ambient temperature, 

relative humidity), economic conditions and Technology Level (e.g. developed countries have a lower 
number of people per household). 

In previous scientific works, the authors presented a deep analysis of the load demands from industrial [25, 
26], commercial and domestic users [27-29]. In this study, the total demand of the DEC is evaluated by taking 
both the in-situ analyses performed in previous works and the available data referred to European 
municipalities located at the same latitudes of the DEC [25-29] into consideration.   
Figure 2 shows - the normalized electricity load profiles of a typical winter working day related to the different 
users for being part of the proposed DEC. The type of user determines different trends: the shopping centre 
shows a practical constant load during the day, both the sports club and the households have the load peak 
during the evening, while the town hall shows his peak in the morning.  
The DEC is modelled according to available data of real municipalities in the Mediterranean tropic region in 
terms of number, floor area and volumetric extension of households, buildings and facilities [30, 31].  



The generation side is evaluated considering the values of temperature and solar irradiance at the latitudes of 
the DEC [32, 33]. An optimization of the design of the community structure is executed grouping diverse types 
of users with the aim of matching demand and generation curves, reducing energy export to the external grid.  
The assumptions and the DEC architectural features are presented to perform the analysis to evaluate the 
load demands (electricity, cooling, and heating) of the DEC, it is important to understand how the boundary 
conditions (namely temperature and DNI) and the buildings/infrastructure configuration influences the 
heat/cold gain of the system and as well the electrical consumption. Indeed, based on the general specific 
daily load profile given in section 2, in the specific case scenario the DEC serves four diverse types of users, 
namely households, a shopping centre, a sports centre and a town hall, supplying electricity, domestic hot 
water, heat and cooling. According to the proposed case study located in the Mediterranean area, the authors 
have summarized in Table 1 the main characteristics of the community’s buildings, while in Table A.2 shows 
the number of families with the number of family members living in the community.  
The yearly temperature and DNI distribution for the given location, have been retrieved by MARRA-2 Data 
base. The yearly curves for the different load demands and different type of user are evaluated thanks to 
DECAPLAN™ Digital Platform by finetuning the parameters on the basis of the data derived from literature 
[34], that account for the variability  of the demands supply during the day, week and month. As an example, 
the aggregated load demands of electricity, cooling and heating for a typical week during the winter (January) 
and during the summer (July) have been presented in figure 3 by the authors.  

Table 1. DEC Buildings Architectural Characteristic 

Type of building Floor surface [m2] Volumetric extension [m3] 
Real estate district 13,590 – 13,600 40,770 – 40,780 
Shopping centre 820 – 830 2,900 – 2,910 
Sports centre 710 – 720 2,140 – 2,150 
Town hall 230 - 240 700 - 710 

 

 
Figure 2. Electricity Load Demands for different DEC user during a typical winter working 

 
Figure 3. Typical Load Demands Profile during winter (left) and summer (right) for reference case study.  
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3. Materials and Methods 
In this section, the methods used for data collection, modeling and analysis are described. The DECAPLAN™ 
digital platform [34-37] is proprietary software of MEDS Venture Global Pte Ltd start-up company spin-off of 
Nanyang Technological University. The DECAPLAN™ Digital Platform has been developed by the authors 
over the last five years for designing power plants, microgrids, and industrial and building estates characterised 
by high energy mix by establishing the best plant arrangement and choosing among database (DB) the most 
suitable commercially available components. The DECAPLAN™ allows for concurrently optimising the best 
multi-energy plant design and operation by solving the energy dispatch (unit commitment) problem for given 
electricity, cooling and heating demands. In this paper, the optimal solution is addressed to minimise the 
primary energy consumption and the greenhouse pollutant emissions (CO2) by minimizing them at the same 
time. The mathematical formulation of the DECAPLAN™ objective function enables the digital platform to 
search for the best solutions taking the Operational Expenses (OPEX), the Localized Cost of Electricity 
(LCOE), the Return of the Investment (ROI), and other parameters into consideration. More details on the 
modelling approach and the optimisation strategy are given in the next section. The proposed system layout 
includes several DEC components such as Solar PV, Solar Cooling, Heat Pumps, Chillers, Energy Storage 
Technologies (namely battery in the specific DEC) and others as well as their part-load off-design maps for 
optimized asset management. 

 
Figure 4. The functional block diagram of DECAPLAN™ digital platform  



Details on the mathematical formulation for the Master Planning (MP) and the Optimal Dispatch Planning 
(ODP) are discussed by the authors in [36, 37], while for purposes of this work the functional scheme with the 
description of the main features of the DECAPLAN™ digital platform is summarized below.  The simulation 
tool for the DEC system was developed using a modular approach at the component level. To set up the DEC 
simulator, steady-state 0-D component models were adopted as per the method proposed by the 
DECAPLAN™ digital platform algorithm. The DECAPLAN™ includes various solvers such as quadratic 
programming, mixed-integer linear programming (MILP), and mixed-integer non-linear programming (MINLP). 
Research has shown that the mixed-integer quadratic programming technique used by the DECAPLAN™ 
digital platform is robust and efficient, as demonstrated by comparisons with a hybrid heuristic algorithm based 
on GA and PSO solvers [36, 37] and other mathematical approaches [35 - 37]. Additionally, the use of 
stochastic algorithms has been found to potentially lead to suboptimal results in master-planning problems 
[65-67]. Figure 4 provides a complementary block diagram to understand the optimization process flow that 
the end-users need to perform, specifically the optimal dispatch block diagram DECAPLAN™. 
The algorithm consists of three parts: the input layer, where conditions such as temperature, DNI, and 
precipitation profiles, as well as plant demands and costs, are inputted; the optimal dispatch layer, where the 
algorithm matches and connects components, ensuring that conservation equations are not violated; and the 
output layer, where the optimal dispatch strategy for the power plant and its associated costs are presented. 
Additionally, the algorithm uses a modular approach to simulate power systems and incorporates a database 
of component performance maps to evaluate costs, degradation, and maintenance. Accordingly, the authors 
have developed ad-hoc thermal components for the specific scientific work, including solar cooling, heat pumps 
and thermal solar.  
 
3.1 DEC Main Component Modelling 
Solar PV: is modelled by adopting lumped performance features. The scheme of the PV model is presented 
in figure 6-A. The generated power PPV is calculated as (eq.1): 
𝑃!" = 𝐷𝑁𝐼 ∙ 𝑆!" ∙ 𝜂!"          (1) 
Where DNI, SPV and 𝜂!"  are the direct normal irradiance (DNI), the solar PV surface and the solar PV 
efficiency. The 𝜂!"in the actual conditions is established by the adoption of normalized maps developed by the 
authors that relates the solar PV reference efficiency, the DNI and PV cell temperature (typically referring to 
the panel type and to the manufacturer testing conditions) to the actual DNI and cell temperature T. The lower 
the cell temperature, the higher the efficiency. Typically, DB provides 0 °C as the minimum value. Accordingly, 
𝜂!" is expressed functionally by (eq.2): 

𝑓 * #!"
#!"#

, $%&
$%&#

, '
'#
, = 0          (2) 

 
Solar Thermal Collector: is modelled similarly to the Solar PV module, but as the output useful quantity is the 
Heat Power (HSTH) defined in (eq.3), where 𝜂(')  is the STC efficiency, evaluated in similarities with the 
procedure of eq.2.  
𝐻(') = 𝐷𝑁𝐼 ∙ 𝑆(') ∙ 𝜂(')          (3) 
 
Heat Pumps: the characteristic equation allowing for evaluating the useful effect HHP is given in (eq.4), and the 
details of the modelling approach are given in [35, 37], as well as per the absorption chiller and vapour 
compression chiller details. Off-design curves are also discussed in [35,37] 
𝐻)! = 𝐶𝑂𝑃)! ∙ 𝑃)!          (4) 
 
Chillers Systems: the AC/Chiller system and the absorption chiller equations are summarized in (eq.5) and 
(eq.6), and the full model details can be found in [37] 
𝐶*+,) = 𝐶𝑂𝑃*+,) ∙ 𝐻*+,)          (5) 
𝐶*,,) = 𝐶𝑂𝑃*,,) ∙ 𝑃*,,)          (6) 
 
Fuel Boiler: the model allows for evaluating the useful effect HBO (eq.7) based on the routine described in [37] 
for evaluating the complete combustion details of the process together with exhaust gas composition, carbon 
emitted.  
𝐻+- = 𝑚.+- ∙ 𝜂+- ∙ 𝐿𝐻𝑉.          (7) 
 
Battery: the entire description of the model is described by the authors in [37], the main equation required for 
solving the ODP is given in (eq.8), where the battery energy capacity at the time-step t+1 is evaluated as 



function of the optimized control strategy of the battery and the capacity at the time-step t. For ensuring the 
energy conservation equation during the whole period of the battery operation, an equality constraint is 
introduced (eq.9).  
𝐸+*''(𝑡 + 1) = 𝐸+*''(𝑡) + 𝑃+/ ∙ ∆𝑡 − 𝑃+0 ∙ ∆𝑡       (8) 
𝐸+*''(𝑡 = 𝑡('*1') = 𝐸+*''(𝑡 = 𝑡2%$)       (9) 
 
3.2 Environmental Techno-Economic Indicators  
The overall CO2 emissions are evaluated by taking into consideration the specific emission factors of the 
different energy generation processes, in the specific case from the import of the electricity from the national 
grid and from the combustion process in the fuel fed boiler. At DEC level the production of electricity from RES 
and export to the national grid could be expressed as a negative/avoidance of CO2 emitted and included in 
the evaluation. For accounting this term, that can or not included in the Scenario evaluation, the authors have 
adopted a (𝛿 = 0 or 𝛿 =1) variable in the formulation. According to the above, the CO2 emissions per year are 
expressed by (eq.10 
𝐶𝑂3 =	∑ (𝑃𝑖𝑚𝑝 − 𝛿 ∙ 𝑃𝑒𝑥𝑝) ∙ ∆𝑡 ∙ 𝑓,-3$%&' +𝑚𝑓 ∙ ∆𝑡 ∙ 𝑓,-3()*+

4567
89:       (10) 

 
The overall operating cost OPEX is evaluated as the sum of the running costs (e.g. cost of the electricity imported 
and fuel), maintenance cost, renting cost of the surface where installing DEC equipment and by the carbon 
tax, expressed by (eq.11). Accordingly, the overall OPEX, fully described in [35,37] is sinthetically expressed 
by (eq.12): 
𝑂,-3,-. = 𝐶𝑂3 ∙ 𝑇𝐴𝑋,-3           (11) 
𝑂!2; = 𝑂1<% + 𝑂=*&% + 𝑂12%' + 𝑂,-3,-.        (12) 
  
3.3 Power Constraints, Objective Function and Optimization Strategy  
The solution of ODP consists of two main steps such as the minimisation or maximisation of the objective 
function (ObF) and satisfying of the equality constraints, namely electricity and cooling power flow (electricity 
and cooling bus load demands). From a numerical perspective, the adopted solver is based on simultaneous 
solutions; this means that concurrent to the equality constraints satisfaction, the ObF is also optimised. In the 
current work, the ObF to be maximised has been set to be the linear combination of the OPEX and CO2 
emissions reduction of the k-th scenario, versus the OPEX and CO2 emissions of the reference case (REF) 
NPV, expressed by (eq.13). 
𝑂𝑏𝐹 − 𝑆𝑒𝑎𝑟𝑐ℎ	𝑀𝐴𝑋	𝑜𝑓 ∶ 	𝐶𝐹> + ∆𝐶𝑂2 = P𝑂𝑃𝐸𝑋12? − 𝑂𝑃𝐸𝑋>/0Q + (𝐶𝑂212? − 𝐶𝑂2>/0)  (13) 
The satisfaction of the energy flows (operational constraints) for the economic dispatch on the electric bus is 
expressed by (eq.14), on cooling bus by (eq.15) and on heating bus by (eq.16). 
𝑃@ABC ∙ ∆𝑡 = 𝑃DEF ∙ ∆𝑡 + 𝑃FG ∙ ∆𝑡 + 𝑃+0 ∙ ∆𝑡 − 𝑃+/ ∙ ∆𝑡 − 𝑃HIF ∙ ∆𝑡 − 𝑃*,,) ∙ ∆𝑡 − 𝑃)! ∙ ∆𝑡   (14) 
𝐶@ABC ∙ ∆𝑡 = 𝐶*,,) ∙ ∆𝑡 + 𝐶*+,) ∙ ∆𝑡        (15) 
𝐻@ABC ∙ ∆𝑡 = 𝐻)! ∙ ∆𝑡 + 𝐻+- ∙ ∆𝑡 + 𝐻(') ∙ ∆𝑡 − 𝐻*+,) ∙ ∆𝑡      (16) 
The formulation of the optimisation problem has been fully described by the objective function and constraints 
structure definition. In the next section, the test case and the analysis of the results are presented.  
 

4. CASE STUDIES 
The schematic representation of the Renewable DEC presented by the authors in figure 2 allows to generate 
multiple case studies in respect of the components included in the DEC layout and of the capacity. 
Furthermore, the different case studies can also be contextualized in different energy policy scenarios where 
Incentives, Carbon Certificates and Financial Rewards for CO2 avoidance and power generation in the DEC 
can be taken into consideration. According to the above, the authors have explored five DEC configurations 
(Layout) A, B, C, D and E, and for each of the configuration varied the number of Solar PV (0, 250, 500 and 
1000), according to the maximum allowable gross floor area available for the PV installation. For the 
configuration C, the authors have selected the maximum number of Solar Thermal Collector of 500 unit. The 
matrix of the configuration generated and optimized by DECAPLAN™ Digital Platform is given in Table 3. 
Looking at the number in Table 2, since some of the equipment such as Heat Pumps, NG fed Boilers AC/Chiller 
unit splitter are specific of each unit of each building, the authors have assumed that if the component exist (N 
= 1) while if not (N = 0). 

 



Table 2. Case Studies – DEC Configuration Matrix 

 
 Table 3. Case Studies – DEC Assumption for the Optimization  

 
For the battery component instead, it is assumed that it can serve the entire DEC and so introduced with the 
nominal capacity, expressed in kWh.  
On top of these 20 case studies (A1 – E4), the authors have also investigated three policy scenario related to 
the qualifications in terms of CO2 carbon credit and financial gain of selling the excess of electricity generated 
by the DEC to the National grid. The results of the scenario analysis will be deeply presented in the result 
section, by differentiating the colours of the candle stick bars charts. Accordingly, the three scenarios are 
considering that the yearly exported electricity (kWh exp):   

• Scenario 1 (Blue): allow CO2 Certificate Recognition and exported electricity is reward. 
• Scenario 2 (Red): NOT allow CO2 Certificate Recognition and exported electricity is reward. 
• Scenario 3 (Green): NOT allow CO2 Certificate Recognition and exported electricity is NOT reward. 

Price of electricity bought and sold are 230 and 70 euro/MWh.  
4.1 Assumptions   
According to the DEC building specifications given in section 2, to the ambient condition given by MARRA 
Database, and to the yearly load profiles for electricity, cooling and hearting shown in figure 3, the main 
assumptions required for the calculations have been presented in table 3. Indeed, main components 
specification such as nominal capacity, surface of each module, efficiency, and performance indexes such the 
Coefficient of Performance (COP) are fundamental parameters to perform the optimization process thanks to 
DECAPLAN™ Digital Platform.  
To perform the environmental techno-economic analysis, prices of electricity (sell and buy) and cost of the 
carbon tax are also needed. Accordingly, since it has been considered power can be imported (Pimp) and 
exported (Pexp) from and to the National grid, buy & sell prices are 230 and 70 euro/MWh, respectively. 
Furthermore, to assess the overall yearly production of pollutant emissions in terms of Ton of CO2/year from 
the DEC, the emission factors of the system and associated to the combustion of the natural gas into fuel fed 
boilers have also been included in the optimization and thus included in table 3.  
Once boundary conditions and assumptions have been set, the authors have been able to run the optimization 
and the scenario analysis above-mentioned thanks to DECAPLAN™ Digital Platform. Accordingly, results of 
the optimization together with discussion and consideration are given in section 5.  

5. RESULTS & DISCUSSION 
In this section, the authors present the results of the environmental techno-economic optimisation carried out 
by the DECAPLAN™ Digital Platform, taking the different DEC configuration and scenarios into considering. 
The case study A1 (order number 1) is the reference case study and represent the scenario in which all the 
electricity is imported from the national grid, all the cooling load is satisfied by the generation of air conditioning 
from individual unit splitters and the heat load is supplied by the heat power generated through the Heat Pump. 
In this configuration, the yearly CO2 emitted by the DEC is of 732 Ton/year and the overall OPEX are of about 
540,000 euro/year. These two numbers are very important because they become the benchmark/baseline to 

A1 - REF A2 A3 A4 B1 B2 B3 B4 C1 C2 C3 C4 D1 D2 D3 D4 E1 E2 E3 E4
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

nPV [-] 0 250 500 1000 0 250 500 1000 0 250 500 1000 0 250 500 1000 0 250 500 1000
nAC/CH [-] 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
BATT [kWh] 0 0 0 0 0 0 0 0 0 0 0 0 2000 2000 2000 2000 20000 20000 20000 20000
nHP [-] 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
nBOf [-] 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
nSTH [-] 0 0 0 0 0 0 0 0 500 500 500 500 0 0 0 0 0 0 0 0

CASE STUDIES

Parameter Value Unit of Measure 
Fuel (Price, LHV) (1.00, 50.0) (Euro/kg, MJ/kg) 
Electricity tariff (Buy/Sell) Refer to Figure A.3 Euro/kWh 
PV (Peak Capacity, Surface, Efficiency) (550, 2.584,21.1) (Wp, m2, %) 
STH (Surface, Efficiency)  (2.0, 40.0) (m2, %) 
COP (HP, VCCH, ABCH) (2.6, 5.5, 0.7) (-) 
Battery (RTE, SOCM, SOCm) (93, 95, 5) (%) 
Carbon Tax  80.0 Euro/Ton 
DEC Emission Factor 0.212 kgCO2/kWh electric 
Natural gas Emission Factor  0.192 kgCO2/kWh fuel  



compare all the other case studies and scenarios. Looking at the same DEC configuration A4 equipped with 
1000 Solar PV modules, it can be observed by the charts given in figures 5 and 6, that for the scenario 1, 
where the amount of kWh exported to the grid is accounted in the overall CO2 emission per year, the year 
CO2 emissions drop of 21% to 575 Ton/year and the yearly OPEX decreases of 22% to 420,000 euro/year. 
This trend is justified by the fact that the integration of the solely Solar PV in the DEC configuration does not 
modify the load allocation of the other loads, such as cooling and heating. When A4 configuration is instead 
compared among the three scenario 1, 2 and 3, it can be clearly be observed that cCO2 credit mechanism of 
the scenario 1, does not allow in case 2 and 3 to achieve the same CO2 emissions reduction. Indeed, in case 
2 (and equivalently in case 3) the maximum CO2 reduction is of 57 Ton/year, corresponding to about -9% CO2 
emission reduction. On the OPEX side instead, scenario 2 shows 427,000 euro/year and scenario 3 shows 
452,000 euro/year. The evaluation of the scenario B4, where the generation from the NG fed Boiler is swap 
with the Heat Pump system, shows an interesting trend among CO2 and OPEX. Indeed, given the marginal 
cost of the electricity from the grid and of the fuel and the different emissions factors, the solution B4 reduces 
the CO2 emissions of 65% leading to a yearly emitted value of only 254 Ton/year, with a corresponding OPEX 
of 460,000 euro/year, that is anyway a saving of 14.8% in the OPEX of the DEC. The introduction of 500 Solar 
Thermal Collector for the generation of heating and cooling in case C4, keep the reduction of the CO2 
emissions practically unchanged, up to 66%, corresponding to an absolute value of 249 Ton/year, and reduces 
the OPEX of 15.0%, leading to a yearly OPEX of 457,000 euro. The scenarios D4 and E4 are characterized 
of the introduction of 2000 kWh and 20000 kWh battery capacity in the DEC. In the case of the smaller battery, 
D4, the CO2 emission reduction is of 64.5%, while the OPEX reduction is of up to 28%, corresponding to a 
yearly operating cost of 385,600 euro. In case of the large battery instead, E4, the CO2 emissions reduction 
is 64.0 %, while the OPEX reduction is up to 33.2%, corresponding to a 359,000 euro/year DEC operating 
cost. The reason behind the massive reduction on the OPEX due to the integration of the battery in the design 
of the DEC is because it allows to perform the peak shaving procedure and allow to reduce the dependency 
of the DEC from the National Grid. On the CO2 emissions perspective instead, the fact that each 
charging/discharging operation is characterized by a loss (round trip efficiency) leads to increase the demand 
of electricity (energy) in the DEC and consequently to a marginal increase of the CO2 emitted, in comparison 
between the case without battery. It is worthy of note, that the reduction is anyway very considerable and for 
sure – the OPEX cost massive reduction will justify the solution. An important consideration related to the 
introduction of the battery system into the layout are related to the fact that the exported power – in the case 
of 20000 kWh capacity – is almost zero along the entire year. This is an important consideration since grid 
complexity and regulation would rather prefer the DEC to be independent from the grid to ensure stability on 
the frequency of the electricity generated by the DEC system. 
Indeed, by comparing the charts given in figures 7 and 8, that represents configurations D4 and E4, it is 
possible to observe how the capacity of the battery influences different aspects. The red chart representing 
the power imported from the National grid allows to understand how the dependency from the Nation Grid is 
much lower in case E4. Looking at the summer period, the DEC is fully independent from the National Grid 
and furthermore, the electric work exported to the grid is practically zero for the entire year. On the battery duty 
cycle operations, the grey chart in figures 7 and 8, it can be observed that the case D4 equipped with the 
smaller capacity, the battery system is adopted in day-to-day operations, accounting for supplying the DEC in 
case of intermittency of RES in the short term. When the capacity of the battery increases up to 20000 kWh, 
the storage solution become and interesting tool for planning long term operations, for ensuring flexibility and 
grid independence of the DEC system.  
 

 
Figure 6. CO2 and OPEX comparison among (A1 – E4) configuration and Scenarios 1,2 and 3  



 

 
Figure 7. Configuration D4 – Dispatching Profile on the electric load.  

 
Figure 8. Configuration DE – Dispatching Profile on the electric load.  

6. CONLCUSIONS 
The paper investigated the promising topic of Renewable Distributed Energy Communities and their role in 
achieving environmental techno-economic alternatives in the pathway towards decarbonization. The 
concurrent requirements from the DEC users of electricity, cooling and heating make the design of optimal 
DEC a complex process, since multitude of variables are involved in the optimization process. The authors 
have developed a digital platform – DECAPLAN™- that can solve Master-Planning and Optimal Dispatch 
Problems of highly integrated DEC. Thanks to the modular approach proposed and to the optimization 
algorithm the authors have ranked the best DEC configurations in terms of potential in CO2 emissions and 
OPEX reduction. It has been demonstrated that an optimal designed DEC with Solar PV, Heat Pumps and 
Solar Thermal Collectors is capable to reduce of up to 65.1% the CO2 emissions yearly, when compared to 
the case in which all the assets are generated via fossil fuel sources (boilers and import from national grid). 
Indeed, the CO2 Emissions drop from 732.6 Ton/year to just 249.5 Ton/year, reducing the environmental 
impact of the DEC and reducing the cost associated to the carbon tax (savings of almost 40,000 euro per year 
of CO2 Tax). The maximum saving from the OPEX perspective – instead – takes place when the DEC is 
equipped with a large capacity electrochemical energy storage system, with capacity ranging between 2,000 
and 20,000 kWh). Indeed, the CO2 reduction comparted to reference case is still very high – with 64% 
reduction, corresponding to 259.4 Ton/year, but the OPEX drop from 537,000 euro/year to about 385,000 
euro/year, that leads to about 28.2% savings yearly, in the case of the 2,000 kWh battery. The authors decided 
to consider at the day of today the smaller battery as the most easy-to-implement solution for DEC since a 
much larger battery of 20,000 kWh would also imply to account for thermal management problems and surely 
much higher CAPEX. It is worth of note, that the larger energy storage capacity simulated in the paper as an 
electrochemical energy storage system, could also be simulated by alternative storage solutions and plant 
configurations, based on Hydrogen solutions.  
For concluding, the authors have not considered the impact of the CAPEX in the optimal design of the system 
and for sure it will be the next brick the authors will integrated in the analysis for fully understanding and 
assessing the environmental techno-economic viability of DEC, in the holistic perspective, accounting for the 
entire lifetime of the DEC.  
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Nomenclature 
H Heating Power, W 
C Cooling Power, W 
𝑃 Electric Power, W 
�̇�  mass flow rate, kg/s 
𝑡 temperature, °C, timestep, h 
𝜂 efficiency 
𝛿 binary variable (0,1)  
Subscripts and superscripts 
𝐵𝑂  Fuel Boiler 
𝑃𝑉  Photovoltaic  
𝑆𝑇𝐻 Solar Thermal Collector 
𝐴𝐵𝐶𝐻 Absorption Chiller  
𝐴𝐶/𝐶𝐻 Air Condition Unit / Chiller Unit 
𝐻𝑃  Heat Pumps 
𝐵𝐴𝑇𝑇 Battery  
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Abstract: 

Accelerating the green energy transition is of great importance in fighting global climate change. Currently, 
the Danish island Aero utilizes a large amount of fossil fuel-based energy resources in the electricity, 
heating, and transport sectors. In line with the holistic green transition initiatives in Denmark and the holistic 
goal of the fossil-fuel free Danish energy sector by 2050, this study aims to find a feasible solution for the 
island to be fully sustainable relying solely on renewable energy sources, operating in island mode. To that 
end, different approaches are investigated including the electrification of the transport sector, installing 
energy storage systems, increasing renewable energy production capacities, energy production planning, 
and demand side management. Using linear programming, a hybrid scenario combining these energy 
approaches is developed and an hourly optimization is conducted to balance the island’s energy production 
and demand. The proposed hybrid scenario is compared to the island’s current energy system operation 
(base scenario) via a techno-economic approach, where dimensioning of the technologies is evaluated and 
the overall system cost is projected. The results showed that the hybrid scenario achieves higher renewable 
energy contribution (100%) and lower system cost (1625.9 DKK/month/person) compared to that of the base 
scenario (55.77% and 1689.6 DKK/month/person respectively). In connection to the hybrid scenario, a 
sensitivity analysis is carried out to investigate the impact of specific modifications to the hybrid scenario on 
the system’s technical and economic performance. The results showed that installing an additional ferry is 
the most beneficial approach to improve the hybrid scenario’s performance.  

Keywords: 

Energy planning, sector coupling, island mode, optimization, demand side management 

1. Background and motivation 
To mitigate climate change and global warming, Denmark has set an ambitious goal to phase out fossil fuels 
and achieve CO2 neutrality by 2050 [1]. Complying with the holistic goal of this fossil-fuel free Danish energy 
sector, Danish island Aero aims to be CO2 neutral and self-sufficient in renewable energy by 2025 [2]. Aero 
has long been stepping towards green energy transition and the CO2 emissions have been reduced by 38% 
in the period from the year 2008-2019. However, the current energy systems in Aero still rely on a large 
amount of fossil fuel-based energy resources in the three main sectors, i.e. the electricity, heating, and 
transport sectors. 

Aero has already equipped wind turbines and PVs for green electricity production, the transport and heating 
sectors are responsible for the major CO2 emissions on Aero. This is largely due to the use of fossil fuel-
based cars and buses for transportation as well as oil burners for individual heating. To make it sustainable, 
the transport sector will be completely electrified by substituting fossil fuel-based vehicles with electric 
vehicles, and the oil burner will be replaced by district heating and electric water heating. However, these 
measures will lead to an increase in electricity demand. In addition, Aero aims to operate in island mode in 
the future without importing or exporting electricity, which poses a big challenge for the energy balance 
between supply and production. To address this issue, the current Aero energy systems need upgrades to 
be fully sustainable relying solely on renewable energy sources and operating in island mode. 



` 

  

Possible solutions for the energy system upgrading encompass electricity generation expansion and 
electricity storage. In this paper, several different green energy technologies suitable for the conditions of the 
island have been selected. However, there are remaining questions to be answered in order to find the most 
feasible solution for a green energy system operation for the island of Aero:   

▪ What is the optimal capacity of the energy system? 

▪ How to optimally operate the energy systems to balance energy production and supply? 

The multi-energy systems characterize energy systems on Aero as an energy hub where energy production, 
storage and usage by end-users are involved. Many studies in the literature apply mathematical optimization 
to find the optimal design and operation of energy systems.   

Pazouki et al. [3] investigated the optimal planning and scheduling of an energy hub consisting of CHP, 
boiler, wind turbine, and electric and thermal energy storage systems. They formulated a mixed-integer linear 
programming (MILP) strategy for optimizing the energy hub under different season scenarios and analyzed 
the functionality of each subsystem in the energy hub in terms of delivering electricity and heat demand. 
Wang et al. [4] developed the energy hub model consisting of PV, CHP, boiler, HP, battery, and thermal 
energy storage systems. The proposed MILP optimization achieves a significant reduction of energy cost 
and CO2 emissions as compared to the system without optimization. Some other similar works on the 
mathematical modeling and optimization of multi-energy systems can be found in [5]–[7]. An optimization 
study was done before for the Danish island of Bornholm, where the energy system was simulated both on 
an hourly basis and then from second to second [8]. Apart from optimizing energy system operation, some 
studies also apply mathematical optimization to optimize the capacity of different kinds of production [9]–[11]. 

The objective of the paper is to achieve self-sufficiency in renewable energy and operate in island mode on 
Aero by 2025. In this regard, this paper proposed a hybrid scenario devising a roadmap for upgrading the 
current energy system. The proposed hybrid scenario combines different approaches ranging from the 
electrification of the transport sector, installing energy storage systems, increasing renewable energy 
production capacities, energy production planning, to demand-side management. Furthermore, a 
mathematical optimization model for hour-to-hour balancing energy supply and demand is developed to find 
the optimal capacities for renewable energy production units and optimal dispatching schedules for various 
energy systems. 

The rest of the paper is structured as follows: Section 2 describes the methodology and formulation of the 
optimization problem. Section 3 presents and discusses the optimization results for different scenarios. 
Lastly, the conclusions and contributions of the work are highlighted in Section 4. 

2. Methodology and problem formulation 
In this section, we present the formulation of the hourly optimization problem for a one-year simulation, which 
is applied to the energy system on Aero to find the most feasible solution for a green energy system 
operation by 2025. The mathematical models of the energy system associated with their operational 
constraints are described first, followed by objective functions for different scenarios and collected data for 
simulation. The energy system models described below contain both current existing energy systems and 
perspective energy systems to be installed in the hybrid scenario. The selection of the perspective energy 
systems relies on the preliminary study carried out in [12]. 

2.1. Model constraints 

Energy balance 

The balance between electricity production and demand is constrained in Eq.(1). Likewise, the balance 
between heating production and demand is constrained in Eq.(2), 

𝑃𝑇,𝐸𝐿
𝑡 = 𝐷𝑇,𝐸𝐿

𝑡  , ∀𝑡 (1) 

𝑃𝑇,𝐻
𝑡 = 𝐷𝑇,𝐻 

𝑡 , ∀𝑡 (2) 

2.1.1. Electricity sector 

Interconnection to the main grid  

The electricity interconnection to the island today has a limited capacity of 100 MW. This constraint only 
applied to the current energy systems while the future energy systems operating in island mode will not 
involve the use of the interconnection. 

−𝐼𝐶 ≤ 𝐼𝑡 ≤ 𝐼𝐶  , ∀𝑡  (3) 

Where the value 𝐼𝑡 is positive during import, and negative during export.  

Wind turbine 

0 ≤ 𝑃𝑊
𝑡 ≤ 𝑃𝑊𝑚𝑎𝑥

𝑡 ∙ 𝐹𝑊 , ∀𝑡  (4) 

1 ≤ 𝐹𝑊  (5) 
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Where 𝐹𝑊 is the scaling factor of the current wind capacity, allowing optimize wind turbine capacity suitable 
for the future energy system. 

Photovoltaics (PV) 

0 ≤ 𝑃𝑃𝑉
𝑡 ≤ 𝑃𝑃𝑉𝑚𝑎𝑥

𝑡 ∙ 𝐹𝑃𝑉  , ∀𝑡  (6) 

1 ≤ 𝐹𝑃𝑉  (7) 

Where 𝐹𝑃𝑉 is the scaling factor of the current PV capacity, allowing optimize PV capacity. 

Organic Rankine cycle (ORC) 

The ORC has a certain capacity for heat and power, which are constrained in Eq.(8) and Eq.(9) respectively. 
Eq.(10) defines the maximum ratio between power and heat production. 

0 ≤ 𝑃𝑂𝑅𝐶𝐸𝑙
𝑡 ≤ 𝑃𝑂𝑅𝐶𝐸𝑙𝑚𝑎𝑥  , ∀𝑡  (8) 

0 ≤ 𝑃𝑂𝑅𝐶𝐻
𝑡 ≤ 𝑃𝑂𝑅𝐶𝐻𝑚𝑎𝑥  , ∀𝑡 (9) 

𝑃𝑂𝑅𝐶𝐸𝑙
𝑡 ≤ 𝑃𝑂𝑅𝐶𝐻

𝑡 ∙ 𝑂𝑅𝐶𝜂𝐸𝑙/𝐻 , ∀𝑡 (10) 

Biogas  

Biogas turbine is the potential energy generation system to be installed, which makes use of biomass on 
Aero to produce electricity. Additionally, this requires installing a biogas plant that converts biomass to 
biogas first. In Eq.(11), the model is constrained so the model only uses the manure available on the island, 
and thus emissions in connection with the transport of biomass from outside the island are also avoided. 

∑ 𝑃𝐵𝑖𝑜
𝑡8760

𝑛=1

𝜂𝐵𝑖𝑜
≤ 𝐶𝐵𝑖𝑜  , ∀𝑡 (11) 

0 ≤ 𝑃𝐵𝑖𝑜
𝑡 ≤ 𝐶𝐵𝑖𝑜,𝐶  , ∀𝑡 (12) 

The space heating, electric water heating and refrigerator described below are demand response unit that 
integrates consumers into the electricity system.  

Space heating 

An air-to-water heat pump is used for space heating. Eq.(13) is the model for indoor temperature dynamics, 
while Eq. (14) represents the constraint of the electric power of the heat pump. Eq. (15) is the indoor 
temperature constraint. 

𝜃𝑖
𝑡+1 = 𝜃𝑖

𝑡 −
1

𝐶∙𝑅
(𝜃𝑖

𝑡 − 𝜃0
𝑡 + 𝑅 ∙ 𝐷𝑆𝑝

𝑡 ∙ 𝐶𝑂𝑃𝑡), ∀𝑡 (13) 

0 ≤ 𝐷𝑆𝑝
𝑡 ≤ 𝐷𝑆𝑝,𝐶  , ∀𝑡 (14) 

𝜃𝑖,𝑚𝑖𝑛
𝑡 ≤ 𝜃𝑖

𝑡 ≤ 𝜃𝑖,𝑚𝑎𝑥
𝑡  , ∀𝑡 (15) 

Electric water heating 

Similarly, Eq.(13) is the model of water temperature in the tank. 

𝜃𝐸𝑊𝐻
𝑡+1 = 𝜃𝑡 +

1

𝐶
(−𝛼(𝜃𝐸𝑊𝐻

𝑡 − 𝜃𝑖
𝑡) − 𝜐𝑡+𝐶𝑂𝑃𝑡 ∙ 𝐷𝐸𝑊𝐻

𝑡 ), ∀𝑡 (16) 

0 ≤ 𝐷𝐸𝑊𝐻
𝑡 ≤ 𝐷𝐸𝑊𝐻,𝐶  , ∀𝑡 (17) 

𝜃𝐸𝑊𝐻,𝑚𝑖𝑛
𝑡 ≤ 𝜃𝐸𝑊𝐻

𝑡 ≤ 𝜃𝐸𝑊𝐻,𝑚𝑎𝑥
𝑡  , ∀𝑡 (18) 

Refrigerator 

The electricity is used in the refrigerator of each household to main favorable temperatures for food storage. 
The temperature inside the refrigerator has to satisfy the constraints in Eq.(19) and Eq.(21). The maximum 
electrical power of the refrigerator is constrained in Eq (20). 

𝜃𝑟𝑒𝑓
𝑡+1 = 𝜖 ∙ 𝜃𝑟𝑒𝑓

𝑡 + (1 − 𝜖)(𝜃𝑖
𝑡 − 𝑅 ∙ 𝐷𝑟𝑒𝑓

𝑡 ∙ 𝜂), 𝑤ℎ𝑒𝑟𝑒 𝜖 = 𝑒−
∆𝑡

𝑅∙𝐶 , ∀𝑡 (19) 

0 ≤ 𝐷𝑟𝑒𝑓
𝑡 ≤ 𝐷𝑟𝑒𝑓,𝐶  , ∀𝑡 (20) 

𝜃𝑟𝑒𝑓,𝑚𝑖𝑛
𝑡 ≤ 𝜃𝑟𝑒𝑓

𝑡 ≤ 𝜃𝑟𝑒𝑓,𝑚𝑎𝑥
𝑡  , ∀𝑡 (21) 

There is no electricity storage available on Aero currently, the potential electricity storage considered are Li-
ion battery, high temperature thermal storage and hydrogen storage. As the constraints are similar for the 
three storage systems, here only the constraints for Li-ion battery storage are elaborated in detail. 

Li-ion battery storage  

In a battery, the state of charge (SOC) must be kept consistent with the in- and outputs, which is constrained 
in Eq.(22). The charge and discharge are constrained in Eq.(25) and Eq.(26) to ensure the battery does not 
charge or discharge too quickly. In Eq.(23) the SOC is constrained between 0 and the maximum value. 
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Constraint in Eq.(24) is to ensure the SOC at the first hour of the year and last hour of the year is consistent, 
enabling running the storage for multiple years. 

𝑆𝑂𝐶𝑏
𝑡+1 = 𝑆𝑂𝐶𝑏

𝑡 + 𝐶ℎ𝑏
𝑡 − 𝐷𝑖𝑠𝑏

𝑡  , ∀𝑡 (22) 

0 ≤ 𝑆𝑂𝐶𝑏
𝑡 ≤ 𝑆𝑂𝐶𝑏,𝐶  , ∀𝑡 (23) 

𝑆𝑂𝐶𝑏
1 = 𝑆𝑂𝐶𝑏

8760 (24) 

0 ≤ 𝐶ℎ𝑏
𝑡 ≤ 𝐶ℎ𝑏,𝐶  , ∀𝑡 (25) 

0 ≤ 𝐷𝑖𝑠𝑏
𝑡 ≤ 𝐷𝑖𝑠𝑏,𝐶  , ∀𝑡 (26) 

High-temperature thermal storage  

High temperature thermal storage (HTTS) belongs to both the electricity and heating sectors. It is charged 
with electricity, which is used to heat rocks or minerals to very high temperatures, as high as 600 °C. The 
heat is then used to generate steam, which runs through a turbine to produce electricity and heat. 

𝑆𝑂𝐶𝐻𝑇𝑇𝑆
𝑡+1 = 𝑆𝑂𝐶𝐻𝑇𝑇𝑆

𝑡 + 𝐶ℎ𝐻𝑇𝑇𝑆
𝑡 − 𝐷𝑖𝑠𝐻𝑇𝑇𝑆

𝑡  , ∀𝑡 (27) 

0 ≤ 𝑆𝑂𝐶𝐻𝑇𝑇𝑆
𝑡 ≤ 𝑆𝑂𝐶𝐻𝑇𝑇𝑆,𝐶  , ∀𝑡 (28) 

𝑆𝑂𝐶𝐻𝑇𝑇𝑆
1 = 𝑆𝑂𝐶𝐻𝑇𝑇𝑆

8760   (29) 

0 ≤ 𝐶ℎ𝐻𝑇𝑇𝑆
𝑡 ≤ 𝐶ℎ𝐻𝑇𝑇𝑆,𝐶  , ∀𝑡 (30) 

0 ≤ 𝐷𝑖𝑠𝐻𝑇𝑇𝑆
𝑡 ≤ 𝐷𝑖𝑠𝐻𝑇𝑇𝑆,𝐶  , ∀𝑡 (31) 

Hydrogen storage 

Hydrogen storage consists of three parts, an electrolyzer, a hydrogen tank and a fuel cell. The surplus 
electricity production can be stored in the form of hydrogen via electrolyzing water. The stored hydrogen can 
be used to produce electricity in need through fuel cells. 

𝑆𝑂𝐶𝐻𝑦𝑑
𝑡+1 = 𝑆𝑂𝐶𝐻𝑦𝑑

𝑡 + 𝐷𝐸𝑙𝑒𝑐
𝑡 ∙ 𝜂𝐸𝑙𝑒𝑐 − 𝐷𝐹𝐶

𝑡  , ∀𝑡 (32) 

0 ≤ 𝑆𝑂𝐶𝐻𝑦𝑑
𝑡 ≤ 𝑆𝑂𝐶𝐻𝑦𝑑,𝐶  , ∀𝑡 (33) 

0 ≤ 𝐷𝐸𝑙𝑒𝑐
𝑡 ≤ 𝐷𝐸𝑙𝑒𝑐,𝐶  , ∀𝑡 (34) 

0 ≤ 𝐷𝐹𝐶
𝑡 ≤ 𝐷𝐹𝐶,𝐶  , ∀𝑡 (35) 

𝑆𝑂𝐶𝐻𝑦𝑑
1 = 𝑆𝑂𝐶𝐻𝑦𝑑

8760 (36) 

𝐷𝐹𝐶
𝑡 = 𝑃𝐹𝐶

𝑡 /𝜂𝐹𝐶 , ∀𝑡 (37) 

2.1.2. Heating sector 

On Aero, approximately a third of the households are heated with individual heating, while the rest are 
heated with district heating. 

Solar collector 

Solar collectors are very similar to wind turbines and PVs in that they are limited by the solar flux and the 
installed capacity. However, for solar collectors, the amount of installed capacity cannot be changed, as 
there are already a lot of solar collectors on Aero. 

0 ≤ 𝑃𝑆𝐶
𝑡 ≤ 𝑃𝑆𝐶,𝐶

𝑡  , ∀𝑡 (38) 

Straw boiler 

0 ≤ 𝑃𝐷𝐻𝐵
𝑡 ≤ 𝑃𝐷𝐻𝐵,𝐶

𝑡  , ∀𝑡 (39) 

District heating heat pump 

0 ≤ 𝑃𝐷𝐻𝐻𝑃
𝑡 ≤ 𝑃𝐷𝐻𝐻𝑃,𝐶

𝑡  , ∀𝑡 (40) 

𝐷𝐷𝐻𝐻𝑃
𝑡 ∙ 𝐶𝑂𝑃𝐷𝐻𝐻𝑃

𝑡 = 𝑃𝐷𝐻𝐻𝑃,
𝑡  , ∀𝑡 (41) 

Seasonal heat storage  

Aero currently equips a pit thermal storage for seasonal heat storage. The pit storage is a water reservoir 
and it uses a heat pump to discharge the heat. The maximum state of charge (𝑆𝑂𝐶𝑆𝑆,𝐶) of the seasonal heat 

storage is 6.638 MWh. 

𝑆𝑂𝐶𝑆𝑆
𝑡+1 = 𝑆𝑂𝐶𝑆𝑆

𝑡 + 𝐶ℎ𝑆𝑆
𝑡 − 𝐷𝑖𝑠𝑆𝑆

𝑡 − 𝐻𝐿 , ∀𝑡 (42) 

0 ≤ 𝑆𝑂𝐶𝑆𝑆
𝑡 ≤ 𝑆𝑂𝐶𝑆𝑆,𝐶  , ∀𝑡 (43) 

𝑆𝑂𝐶𝑆𝑆
1 = 𝑆𝑂𝐶𝑆𝑆

8760 (44) 
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0 ≤ 𝐶ℎ𝑆𝑆
𝑡 ≤ 𝐶ℎ𝑆𝑆,𝐶  , ∀𝑡 (45) 

0 ≤ 𝐷𝑖𝑠𝑆𝑆
𝑡 ≤ 𝐷𝑖𝑠𝑆𝑆,𝐶  , ∀𝑡 (46) 

2.1.3. Transport sector 

Passenger electric vehicles and electric buses are not installed in Aero currently, while E-ferry is already 
running. They all serve as electric batteries with specific charging and discharging patterns. 

Passenger electric vehicles  

The specific electric car "Renoult Zoe" is used, which has a 53 kWh battery and a 400 km driving distance. 
All cars are assumed to be in use every morning at 7 am, when people go to work, and ready for charging 
again from 5 pm when they get home, until the next morning. It is assumed that 20% of cars drive 5 km twice 
every day and the owners have a charging box at home, with a capacity of 11 kW. 

𝑆𝑂𝐶𝐴𝑙𝑙𝐸𝑉
𝑡+1 = 𝑆𝑂𝐶𝐴𝑙𝑙𝐸𝑉

𝑡 + 𝐷𝐴𝑙𝑙𝐸𝑉
𝑡 − 𝐷𝑖𝑠𝐴𝑙𝑙𝐸𝑉

𝑡 , ∀𝑡 (47) 

0 ≤ 𝐷𝐴𝑙𝑙𝐸𝑉
𝑡 ≤ 𝐷𝐴𝑙𝑙𝐸𝑉,𝐶  , ∀𝑡 (48) 

0 ≤ 𝑆𝑂𝐶𝐴𝑙𝑙𝐸𝑉
𝑡 ≤ 𝑆𝑂𝐶𝐴𝑙𝑙𝐸𝑉,𝐶  , ∀𝑡 (49) 

Buses  

Two public buses on Aero run the same route but from mirrored starting points. Each route takes 
approximately one hour and there is time for the buses to charge for 5 minutes after the completion of each 
route. The buses can charge completely during the night. 

𝑆𝑂𝐶𝑏𝑢𝑠
𝑡+1 = 𝑆𝑂𝐶𝑏𝑢𝑠

𝑡 + 𝐷𝑏𝑢𝑠
𝑡 − 𝐷𝑖𝑠𝑏𝑢𝑠

𝑡 , ∀𝑡 (50) 

0 ≤ 𝐷𝑏𝑢𝑠
𝑡 ≤ 𝐷𝑏𝑢𝑠,𝐶  , ∀𝑡 (51) 

0 ≤ 𝑆𝑂𝐶𝑏𝑢𝑠
𝑡 ≤ 𝑆𝑂𝐶𝑏𝑢𝑠,𝐶  , ∀𝑡 (52) 

Electric ferry (E-ferry) 

The ferry starts at 6 in the morning, makes six round trips per day, and has 32 mins in Aeroskoebing 
between trips to charge if needed, returning to Aeroskoebing at midnight. The e-ferry has a large battery of 
4.3 MWh. The charger in Aeroskoebing has a capacity of 4.2667 MW. 

𝑆𝑂𝐶𝐸𝐹
𝑡+1 = 𝑆𝑂𝐶𝐸𝐹

𝑡 + 𝐷𝐸𝐹
𝑡 − 𝐷𝑖𝑠𝐸𝐹

𝑡 , ∀𝑡 (53) 

0 ≤ 𝐷𝐸𝐹
𝑡 ≤ 𝐷𝐸𝐹,𝐶  , ∀𝑡 (54) 

0 ≤ 𝑆𝑂𝐶𝐸𝐹
𝑡 ≤ 𝑆𝑂𝐶𝐸𝐹,𝐶  , ∀𝑡 (55) 

2.2. Objective functions 

This section details objective functions for various scenarios investigated in this paper. Overall, the objective 
functions are the same targeting minimizing the cost, enabling comparison of different scenarios. But they 
are subject to different constraints in accordance with the considered technologies for a specific scenario. 

Business as usual (BAU) scenario 

In order to compare the proposed hybrid scenario with the current energy systems on Aero, a business as 
usual (BAU) scenario was created resembling the current system, which will be the reference scenario for 
performance evaluation. The objective function of the BAU scenario is to minimize the costs consisting of 
variable costs, fixed operational costs and investment costs. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑(𝐶𝑉
𝑛 ∙ 𝑈𝑛)

𝑁

𝑛=1

+ ∑(𝐶𝐼
𝑛 + 𝐶𝐹

𝑛)

𝑁

𝑛=1

∙ 𝐶𝑛 

𝑠. 𝑡.  𝐸𝑞. (1 − 4), (6), (8 − 10), (13 − 21), (38 − 46), (53 − 55) 

Where n denotes different technology, the variable costs (𝐶𝑉
𝑛) for each technology are multiplied by the use 

(𝑈𝑛) of that technology. The fixed operational costs (𝐶𝐹
𝑛) and investment costs (𝐶𝐼

𝑛) for each technology are 

multiplied by the capacity (𝐶𝑛) of that technology.  

Hybrid scenario 

As compared to BAU scenario, hybrid scenario has expanded wind turbines and PVs capacity, installed 
biogas turbines, electrified all buses and personal vehicles, eliminate the use of cable for connection to the 
mainland grid, added new energy storage systems including Li-ion battery storage, high temperature thermal 
storage and hydrogen storage. The objective function of hybrid scenario is to minimize the costs as well, 
which is the same as that of BAU scenario. 
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑(𝐶𝑉
𝑛 ∙ 𝑈𝑛)

𝑁

𝑛=1

+ ∑(𝐶𝐼
𝑛 + 𝐶𝐹

𝑛)

𝑁

𝑛=1

∙ 𝐶𝑛 

𝑠. 𝑡.  𝐸𝑞. (1 − 2), (4 − 55) 

Furthermore, extensions of the hybrid scenario were also investigated to see how the system changes under 
different conditions. Among them, the second ferry, exporting surplus electricity, and PtL technology are 
investigated. 

Hybrid+2Ferry scenario 

Currently, Aero has several ferry routes to the mainland and other islands, but there is only one electric ferry 
available between Soeby and Fynshavn. Therefore, it is interesting to investigate the possibility of replacing 
more of them with e-ferries. In hybrid+2Ferry scenario, the objective function is still minimizing the costs, 
subject to the same constraints in hybrid scenario, except that additional constraints for the second ferry are 
added. 

Hybrid+Export scenario 

Though Aero aims to operate energy systems in island mode, it is still worth investigating the potential 
economic benefits of selling surplus renewable electricity production to the mainland grid. In hybrid+Export 
scenario, the objective function is the same as that of the hybrid scenario, and the constraint for 
interconnection is included, allowing the export of electricity. 

Hybrid+PtL scenario 

The hybrid scenario does not consider green fuels for heavy transport since it is not yet the goal for the 
municipality by 2025. In continuation of this, complete sustainability is the aim for 2030, where elements like 
heavy transport must be considered through the Power-to-Liquid process. Hybrid+PtL share the same 
objective function as that of the hybrid scenario, but is subject to additional constraints for jet fuel and 
methanol production as shown in Eq. (56-63):  

𝐷𝐹𝑇
𝑡 ∙ 𝜂𝐹𝑇 =  𝑃𝐹𝑇

𝑡   , ∀𝑡 (56) 

∑ 𝑃𝐹𝑇
𝑡 =  𝐷𝑗𝑒𝑡

𝐴𝑛𝑛𝑢𝑎𝑙𝑇
𝑡=1  (57) 

0 ≤ 𝑃𝐹𝑇
𝑡  ≤  𝑃𝐹𝑇

𝑚𝑎𝑥 , ∀𝑡 (58) 

0 ≤ 𝑃𝐹𝑇
𝑚𝑎𝑥 (59) 

𝐷𝑀𝑒𝑂𝐻
𝑡 ∙ 𝜂𝑀𝑒𝑂𝐻 =  𝑃𝑀𝑒𝑂𝐻

𝑡 , ∀𝑡 (60) 

∑ 𝑃𝑀𝑒𝑂𝐻
𝑡 =  𝐷𝑀𝑒𝑂𝐻

𝐴𝑛𝑛𝑢𝑎𝑙𝑇
𝑡=1  (61) 

0 ≤ 𝑃𝑀𝑒𝑂𝐻
𝑡  ≤  𝑃𝑀𝑒𝑂𝐻

𝑚𝑎𝑥 , ∀𝑡 (62) 

0 ≤ 𝑃𝑀𝑒𝑂𝐻
𝑚𝑎𝑥  (63) 

2.3. Data collection and implementation  

To perform optimization, some essential data needs to be collected apart from the data for technology size 
and operating limitations. These data are outdoor temperature, solar irradiance, wind data profile, the 
electricity spot price, electricity demand and heating demand. One-year data (in the year 2018) is collected in 
a resolution of an hour. Note that the hourly electricity demand and heating demand for Aero cannot be 
found specifically. Hence, the electricity demand was estimated by scaling down the total electricity demand 
for Denmark to fit the size of Aero, and the heating demand was estimated by scaling down the total heating 
demand for Odense to fit the size of Aero. Figure 1 illustrates the derived electricity and heating demand. 

 

Figure. 1.  Electricity and heating demand for Aero. 



` 

  

The optimization was implemented in Matlab [13] using the package Yalmip [14], and the optimization 
problem was solved using “Linprog” solver for linear programming. 

The expected outcomes of the optimization are the optimal capacity for existing PV and wind turbine 
expansion, the optimal capacity of the potential energy units, and the optimal dispatching schedule for each 
energy system involved. 

3. Results and discussions 
In this section, the optimization results of different scenarios are presented. Table 1 summarizes the main 
capacities of different energy systems in the investigated scenarios. As shown in the BAU scenario, the 
current wind turbine and PV capacities are 12 MW and 1.232 MW, respectively, while their capacities 
increase in the other four scenarios due to the increasing electricity demand. To better visualize the energy 
flows from the production side to the storage and end-user side, the corresponding Sankey diagram for each 
scenario is provided and discussed. 

Table 1. Capacity overview of different scenarios 

Capacity  Unit BAU Hybrid Hybrid+2Ferry Hybrid+Export Hybrid+PtL 

Interconnection 
(Import/Export)  

[MWh] 
11273/16305 / / 

Export: 
519814.8 

/ 

Wind capacity  [MW] 12 15.8 18.7 153.2 37.1 

Wind production  [MWh] 38499 28568.4 30771.1 386351.0 115051.1 

PV capacity  [MW] 1.232 15.4 18.9 164.0 34.7 

PV production  [MWh] 1642.9 13813.4 16228.6 178797.1 39673.5 

Li-ion capacity  [MWh] / 4.4 5.6 0.28 0.20 

HTTS capacity  [MWh] / 0 0 0 0 

Hydrogen capacity  [MWh] / 0 0.45 0 0 

Biogas turbine  [MW] / 3.9 4.1 4.3 4.5 

Jet fuel production 
capacity  

[MW] 
/ / / / 2.22 

Methanol Production 
capacity 

[MW] 
/ / / / 5.99 

 

3.1. BAU scenario 

As shown in Figure 2, the current energy systems in Aero consume a large amount of fossil fuels for 
personal vehicles and household heating. The heating sector in Aero consists of around 1/3 individual 
heating and 2/3 district heating. The straw boiler, solar collector, ORC unit and seasonal storage supply a lot 
of district heating. District heating is close to using 100% renewable energy sources, depending on whether 
the electricity consumed in the heat pump comes from renewable energy sources or the mainland grid. 
In BAU scenario, the importing and exporting of electricity happen frequently throughout the year to secure 
an hour-to-hour balancing of electricity demand and production. The total exporting electricity is higher than 
the total importing electricity, indicating there are many situations of having excess renewable electricity 
production, which necessity electricity storage for flexibility.  

 

Figure. 2.  Energy flows in BAU scenario. 
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3.2. Hybrid scenario 

Figure 2 illustrates the energy flow in hybrid scenario. As compared to BAU scenario, the interconnection is 
no longer available in hybrid scenario. The wind turbine capacity increases slightly, while the PV capacity 
increases more than 10 times. Hybrid scenario recommends installing a biogas turbine with a capacity of 3.9 
MW. Concerning storage, a 4.4 MW Li-ion battery is included while the HTTS and hydrogen storage are not 
used. To run primarily on RES and storage, a very large amount of storage is needed for long periods when 
production is needed. However, this can be done far more easily with controllable production, in this case, 
the biogas turbine. This is far better since the storage of biogas or manure is far easier than storing hydrogen 
or electricity in a battery.  
The demand for vehicles and individual heating is lower in hybrid scenario than that of BAU scenario. This is 
because the efficiencies of combustion engines and boilers used in BAU scenario are much lower than 
electric motors and heat pumps used in hybrid scenario, resulting in larger fuel demand. 

 

Figure. 3.  Energy flows in hybrid scenario. 

3.3. Hybrid+2Ferry scenario 

The energy flow in the scenario with an additional e-ferry is seen in Figure 4, and the capacities can be seen 
in Table 1. The new ferry requires some extra electricity demand, leading to an increase in the capacity and 
production from renewable energy sources (RES) as compared to hybrid scenario. Furthermore, this 
increased demand also means that more long-term storage is suddenly needed, which means that hydrogen 
storage is included in a small capacity (0.45MWh). It is the only scenario that hydrogen storage is used 
among the investigated five scenarios and the Li-ion storage capacity also increases slightly compared to 
hybrid scenario. The barely used hydrogen storage in most scenarios is due to the high investment and 
operational cost, which is economically cost-ineffective.   

 
Figure. 4.  Energy flows in hybrid+2Ferry scenario. 
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3.4. Hybrid+Export scenario  

It is clear from Table 1 and Figure 5 that allowing exporting surplus electricity changes the system 
significantly, and that making money from selling excess production to the grid is very much possible for 
most of the hours of the year. The RES capacities can be extremely high because production can be 
exported, and they can cover most of the demand. However there are still hours without wind or sun, 
therefore the battery, ORC unit and biogas turbine are necessary. The battery storage is used less than in 
other scenarios as the system prioritizes selling the surplus electricity for profits, resulting in a very small 
battery capacity (0.28MWh). 

Hybrid+export scenario seems good as it benefits from selling electricity, but the model is based on current 
electricity prices. In the future, there will be an increasing amount of RES in the Danish system, which will 
most likely decrease the possibilities for profits from selling it. Furthermore, Aero is a small island with 
attractive nature and vacation homes, which creates a lot of resistance to building objects that damage the 
view, it is, therefore, infeasible to build that much wind turbine and PV capacity.  

The hybrid+Export does not comply with the goal of island mode operation on Aero by 2025. But in the case 
that the demand on the island is met and there is still potential to produce a lot of green electricity, it would 
be ideal to export this electricity. In this way, the national main grid will benefit from the green electricity that 
would otherwise have been lost. 

 
Figure. 5.  Energy flows in hybrid+Export scenario. 

 

3.5. Hybrid+PtL scenario 

As shown in Figure 6 and Table 1, involving Power to Liquid in the system changes the system considerably 
as compared to hybrid scenario, though the changes are not as significant as hybrid+Export scenario. Since 
the efficiency of PtL process is low, the demand for electricity increases substantially. The RES production 
needs to fit the high demand. Therefore, a huge capacity of RES is needed in this scenario.  

Hybrid+PtL scenario has no HTTS, no hydrogen storage, and a small Li-ion battery storage (0.2MWh), 
indicating the RES capacities in this scenario are almost fully utilized by end-users. This is because the PtL 
can almost always use the produced electricity. The PtL capacities are also relatively large. The results show 
that the PtL is not only an extra demand but is very useful for balancing the system. 

3.6. Techno-economic evaluations 

To quantitatively evaluate the technical feasibility and economic benefits of each scenario before real 
implementation in practice, the two key performance indicators (KPIs) are calculated and presented in Table 
2. The metric of renewability is defined in Eq. (64), which reflects the share of renewable energy production 
over the total energy input for the island. It is assumed that the imported electricity is 100% based on fossil 

fuels. For Hybrid, Hybrid+2Ferry, Hybrid+Export, and Hybrid+PtL scenarios  the term “𝐼𝐼𝑚𝑝 + 𝑃𝑓𝑜𝑠𝑠𝑖𝑙” is zero  

resulting in 100% renewability. However, only 55.77% of energy demand is supplied by renewable energy 
sources for the BAU scenario, which justifies applying a hybrid scenario to realize self-sufficiency in 
renewable energy. 

𝑅𝑒𝑛𝑒𝑤𝑎𝑏𝑖𝑙𝑖𝑡𝑦 % =  1 −
𝐼𝐼𝑚𝑝+𝑃𝐹𝑜𝑠𝑠𝑖𝑙

𝐼𝐼𝑚𝑝+𝑃𝐹𝑜𝑠𝑠𝑖𝑙+𝑃𝑊𝑖𝑛𝑑+𝑃𝐵𝑖𝑜+𝑃𝑃𝑉+𝑃𝑂𝑅𝐶𝑒𝑙+𝑃𝑂𝑅𝐶ℎ𝑒𝑎𝑡+𝑃𝐵𝑜𝑖𝑙𝑒𝑟+𝑃𝑆𝐶
 (64) 
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Figure. 6.  Energy flows in hybrid+PtL scenario. 

The total cost is calculated based on the annualized investment costs considering its lifetime, variable costs, 
and fixed operational costs. Then, the individual cost [DKK/month/person] is calculated and presented in the 
table, corresponding to what each citizen on Aero must pay to run the system.  

As shown in Table 2, the lowest cost is achieved in the hybrid scenario, while hybrid+PtL exhibits the highest 
cost due to the expensive Power-to-Liquid unit. Therefore, the hybrid scenario is the final recommended 
scenario for the energy system upgrade roadmap for Aero by 2025 considering both technical feasibility and 
economic benefits. 

Figure 7 shows the cost breakdown for each system. It can be seen that infrastructure cost accounts for the 
major part of total cost in all investigated scenarios except for the hybrid+Export  scenario, where cost by 
renewable energy production predominates. This is because hybrid+Export scenario encourages selling 
electricity to the mainland grid for earnings, resulting in higher RES production and high cost for RES facility 
expansion. Note that infrastructure is an aggregate item consisting of several elements such as expenses for 
electric vehicles, buses, ferry, individual heating, and demand response units. 

The results show that installing an additional ferry is the most beneficial approach to improve the hybrid 
scenario’s performance among hybrid+2Ferry, hybrid+Export, and Hybrid+PtL scenarios. Even though 
hybrid+Export results in less cost, it is not advised as it violates the goal of island mode operation. 

Table 2.  Summary of the KPIs for different scenarios 

KPIs Unit BAU Hybrid Hybrid+2Ferry Hybrid+Export Hybrid+PtL 

Renewability [%] 55.77 100 100 100 100 
Cost [DKK/month/person] 1689.6 1625.9 2035.6 1680.3 2430.3 

 

 
Figure. 7.  Cost breakdown for all scenarios 
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4. Conclusion 
This paper aims to find a feasible solution for a Danish island Aero to be fully sustainable relying solely on 
renewable energy sources and operating in island mode by 2025. To that end, a hybrid scenario, as a 
combination of different technologies including electrification of the transport sector, installing energy storage 
systems, expanding renewable energy production capacities, energy production planning, and demand-side 
management, is proposed. A linear programming optimization problem is formulated in accordance with the 
hybrid scenario to optimize the energy system capacity and energy system operation. 

The proposed hybrid scenario performance is analysed and compared to a business-as-usual (BAU) 
scenario, where the energy system remains unchanged but the energy system operation is optimized. A 
techno-economic approach is used to quantitatively evaluate the system's performance in terms of 
renewability and costs. The hybrid scenario yields 100% renewability and 1625.9 DKK/month/person, while 
the BAU scenario achieves 55.77% renewability with a higher cost of 1689.6 DKK/month/person. Thus, the 
established hybrid scenario should be seen as an achievable green energy system for the island in 2025, 
with various options for development. Among them, extensions of the hybrid scenario by including the 
second ferry, exporting excess electricity, and installing Power-to-Liquid units are investigated and 
compared, the results show that including the second ferry is the most beneficial approach to improve the 
hybrid scenario’s performance, with a cost of 2035.6 DKK/month/person. 

 

Acknowledgments 
This work is financed by Interreg North Sea Region (European Regional Development Fund) of EU through 
the Zero Emission Ports North Sea (ZEM Ports NS) project. 

 

Nomenclature 

𝑃 energy production, MW 

𝐷 energy demand, MW 

𝐼 interconnection to the main grid, MW 

𝐹 scaling factor, -   

𝑆𝑂𝐶 state of charge, - 

COP coefficient of performance, -  
ORC the Organic Rankine Cycle unit 

C thermal capacitance, J/K 

R thermal resistance, K/W 

𝜐 hot water consumption, MW  

Ch charge power, MW 

Dis discharge power, MW 

Greek symbols 

𝜂 efficiency, - 

𝜃 temperature, °C 

Subscripts and superscripts 

𝑡 number of hours during a year 

𝑖 indoor air 

𝑊 wind turbine 

𝐶 maximum capacity 

𝑃𝑉  photovoltaics 

𝑆𝑝 space heating 

𝐸𝑊𝐻 electric water heating 

𝑟𝑒𝑓 refrigerator 
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𝑂𝑅𝐶𝐸𝐿 electricity output of the Organic Rankine Cycle 

𝑂𝑅𝐶𝐻 heat output of the Organic Rankine Cycle 

𝐵𝑖𝑜 biogas turbine 

𝑏 li-ion battery 

𝐻𝑇𝑇𝑆 high temperature thermal storage  

𝐻𝑦𝑑 hydrogen storage 

𝐹𝐶 fuel cell 

𝐸𝑙𝑒𝑐 electricity demand of the electrolyzer 

𝑆𝐶 solar collector 

𝐷𝐻𝐵 district heating straw boiler 

𝐷𝐻𝐻𝑃 district heating heat pump 

𝑆𝑆 seasonal heat storage 

𝐸𝐹 electric ferry 
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Abstract: 
Energy modeling has been playing a crucial role in defining solutions for effective energy planning. Bottom-
up energy system planning models, namely those models characterized by high technological detail, typically 
present exogenous techno-economic parameters which rely on data gathered by the user, from specific 
costs to efficiencies. However, poor to no attention has been given to the date to the financial parameters of 
energy models, which are often assumed and barely justified (e.g., “discount rate equal to 10%”, full stop). 
Still, model outputs are drastically sensitive to variations of finance-related parameters and must provide the 
financing structure that a decision-maker should implement for funding the advised energy planning 
strategies. This results particularly crucial for mini-grid sizing in sub-Saharan African countries, where the 
challenge of the energy transition entails the construction of massive new capacities to improve energy 
access rates and tiers of service, demanding an enhanced collaboration between private and public sectors. 
The case study, applied on an off-grid mini-grid in Mozambique, proposes a comparison between scenarios 
with increasing financial detail and a possible conceptualization of the hard link between detailed financial 
modelling and a bottom-up energy model for mini-grid optimization. Different financing schemes are 
modelled and their impact on the energy modelling outputs assessed. Project finance hence emerges as a 
useful approach that could upgrade the financing structure of domestic power projects in African countries. 
This may lead to many benefits: more sustainable and affordable interest rates where corporate finance is 
missing, improved risk management, diversified funding mix, and facilitated financial support from 
international institutions.  
Keywords: 

Mini grid; energy planning; financing schemes; access to energy; Mozambique; project finance. 

1. Introduction 
The electrification of rural areas in developing countries is a critical challenge for achieving sustainable 
development goal 7 (SDG7) of United Nations’ Agenda 2030 [1], aimed to assure access to electricity and to 
clean fuels and technologies for all by 2030. Despite the significant progress that has been made in recent 
years, with global access to electricity rising from 83% in 2010 to 91% in 2020, still the 80% of world’s people 
without access to electricity lived in rural areas in 2020 [2]. This results in limiting the ability to develop local 
economies and reducing their chances of improving living standards. On the one hand, new technological 
solutions for decentralized generation such as mini-grids are increasing their viability for last-mile 
electrification [3], providing high standards of service for densely populated rural areas [4]. The use of such 
solutions grew significantly between 2010 and 2019: the number of people with access to decentralized 
solutions, including solar home systems and mini-grids, more than tripled, rising from 12 million in 2010 to 39 
million in 2019 [2]. Alongside this, a large community of energy modellers specifically focused on the optimal 
sizing of decentralized solutions has raised in the last decade, bringing to several models and approaches 
for their effective planning [5,6]. On the other hand, new business models [7] and financing schemes [8] are 
emerging, evidencing the need of private sector involvement for fostering off-grid electrification. According to 
several scholars [5,9] and international organisations [10–12], the profitability and the attractiveness of 
investment in mini-grid solutions still remains one of the key barriers for their definitive market upscaling in 
developing countries, characterised by limited resource, governance and infrastructure. Moreover, as sub-
section 1.3 will detail, there is an increasing interest, both at academic research and at international 
institutions levels, to understand to which extent assumptions on financial parameters affect the ouput of 
energy modelling scenarios. In fact, these parameters are crucial to provide the financing structure that a 
public or private decision-maker should implement for funding the advised energy planning strategies. 

This paper proposes a modelling exercise able to test the suitability of different financing structures for 
triggering virtuous financing markets for mini grids in Mozambique. The methodology adopted will advance a 
possible conceptualization of the hard link between financing structures and a bottom-up energy model for 
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mini-grid sizing, thus assessing the impact of financial parameters on the energy modelling outputs. The first 
introductory sub-sections of the work have the scope of framing the problem of mini-grid financing in relation 
to mini-grid sizing. First, the state-of-art of mini-grid financing in Africa is briefly investigated, providing 
references and a non-exhaustive overview of the trends of the sector. Existing financing structures are hence 
introduced into the discussion. Second, sub-section 1.2 is devoted to summarising the state-of-art of energy 
modelling for mini-grid sizing in African contexts. The research gap is then identified in sub-section 1.3, 
where claims from recent literature are reported to push for the increase of financial detail in energy 
modelling research. The rest of the paper is structured as follows: section 2 details the modelling 
methodology adopted, inclusive of energy and financial modelling; section 3 draws the case study of Ndoro 
village in the Caia district of Sofala Province Mozambique; results are then discussed critically in section 4; 
finally; section 5 concludes the work providing outlooks derived from the exercise. 

1.1. Financing mini grids in Africa 

Even though mini-grids already represent a least-cost option for delivering high tiers of energy services in 
many contexts [4], the existing mini-grid sector in sub-Saharan Africa (SSA) is characterized by early-stage 
market fragmentation, lack of competition, high transaction costs, perceived investment risks, and high cost 
of capital. According to a market report by the Mini-grids Partnership [13], in 2020 a total of 5544 mini-grid 
projects have been mapped as installed and operative among Asia (60% of the total), SSA (39%), Island 
nations (1%) and Latin America (0.4%). Of these, more than 60% were powered by solar or solar-hybrid 
energy, the 21% exclusively by hydropower, the 11% by fossil-fuels and the remaining by biomass, wind, or 
other energy sources. Despite the very reduced current market, the suitability of mini-grid solutions towards 
universal access to electricity has been reproved by the International Energy Agency (IEA) in the 
Sustainable Africa Scenario (SAS) of the last Africa Energy Outlook [11]. In this scenario, aimed to give 
access to electricity to 90 million people in Africa each year on average from 2022 to 2030, the 32% of the 
new connections are established via renewable mini-grids and the 21% via renewable stand-alone systems. 
The Outlook shows how mini-grid systems could constitute a profitable business for small private companies 
in small and isolated communities, which would remain out of electrification policies planned by the national 
grid operators. However, according to Williams et al. [9], there are three main financial challenges for their 
definitive market upscaling: revenue insecurity, due to the capital-intensive nature of electrification 
investments and to the associated high costs of unincentivized energy tariffs, unaffordability to consumers, 
related to the spread inability to pay, and reduced access to finance, due to the poor local investment climate 
mostly associated to perceived risks.  

The immaturity of the mini-grid market in Africa is reflected by the typical structure of financing of these 
systems. Traditional financing of power projects, including plans for off-grid electrification, usually sees the 
participation of the national government, through its national energy ministry or agency, as the major funder. 
The main source of the investment usually comes from the governmental development budget or from aided 
borrowing by multilateral and bilateral development agencies. In the current situation, the participation of the 
private sector is therefore very limited: it is involved at the stages of construction and first running of the 
power plant, but the property (and the associated risk of investment) is still owned by a national public utility, 
in most of the cases. In general, two types of financing can be employed in the mini-grid market for 
structuring a new investment: 

Table 1.  Types of financing in the African mini-grid market. 

Type of financing Description 

Debt Debt financing consists in the mini-grid developer borrowing capital from 
lenders such as banks, privates, or other financial institutions to fund the 
project. Debt must then be repaid at an agreed cost, called return on debt or 
interest rate, and within a certain time horizon, called maturity of debt. Debt 
repayment is generally independent from the performance and prioritary to 
equity repayment. As Smith summarises in his book [14], debt lenders that 
currently invest in African countries markets can be grouped into: private 
commercial lenders (domestic or international), foreign countries, African state-
owned firms, multilateral commercial banks, and export-import banks. 
However, debt financing remains widely untapped in the mini-grid market due 
to its low attractiveness and bankability. As a result, rates of return on debt are 
still high: locally sourced debt often reaches interest rates up to 20% in SSA 
[9], but for the mini-grid market this figure can increase up to 30% for countries 
such as Sudan and Somalia [15]. 
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Equity Financing by equity means that the mini-grid developer invests his own capital 
available (i.e., the residual cash flows from existing assets) into a new asset, 
namely the mini-grid infrastructure. Equity can also be supported by project 
promoters such as local banks who, in case of attractive projects, can enter 
the investment as shareholders. Equity is therefore derived from the 
company’s shareholders’ capital, which will be repayed according to a rate of 
return on investment called return on equity. Apart from private capitals, equity 
investors in mini-grids market in developing countries are mainly development 
finance institutions (DFIs) and impact investors [13]. It is worth mentioning that 
the return on private equity is usually high since it embeds several upfront 
uncertainties on the success of the investment, especially for high-risk projects 
such as mini grids in developing countries. For this reason, it is usually 
supported in blended finance with grants. 

Grant financing can support both equity and debt. Donors (international institutions, regional development 
banks, governments through national cooperation agencies, private foundations, etc.) provide grants in 
highly concessional forms, meaning to null (donation) or negligible rate of return. This is the most common 
type of funding for the mini-grid sector in SSA and can subsidize the investment in various ways: reducing 
the upfront capital requirements, ensuring revenues and limiting their volatility, and reducing the interest 
owned to the debt provider [16], in case of blended commercial lending. Currently, two types of grants are 
adopted in mini-grid financing structures [13]: upfront grants (usually blended with equity from the developer 
or shareholders) and result-based financing grants (a type of public-private partnership including a 
commercial lender as third party between a public institution and private developer). 

Finally, it is relevant to highlight that the technical solution chosen for a local electrification plan strongly 
influences the cost of capital and the possible financing structure. As Agutu et al. [15] argued, mini grid 
solutions represent a infrastructure-based system and imply a high initial investment. Their strong 
dependence on the local regulatory framework and on the political setting of the country makes them 
perceived as riskier with respect to stand-alone systems, thus requiring longer maturities and higher return 
rates and costs of capitals. Moreover, the specific components that constitute a mini grid system (i.e., PV 
panels, diesel generators, battery banks, hydropower turbines, wind turbines, etc.) have very diverse cost 
structures [17]: renewable energy technologies imply high initial investment cost, whereas fossil fuels-
powered technologies will have greater operation and maintenance costs. As this study will reprove, the 
least-cost sizing of the mini-grid is relevantly affected by the cost structure of its components and especially 
by how the associated investment and operating costs will be paid back (i.e., by the financing structure 
chosen). 

1.2. Energy modelling for off-grid planning 

Energy modelling has proved, over the last 20 years, to be growing in relevance on providing evidence 
based and scientifically solid insights for energy strategy formulation [18]. Thanks to energy modelling it is 
possible to develop energy scenarios, assess the potential impact of the penetration of technologies in the 
market and identify optimal strategies to achieve energy related goals. However, as Debnath et al. 
highlighted in 2018 [19], the entirety of the existing energy system models originated in developed countries, 
and for this reason, some key issues that affect the developing world’s energy systems are not considered in 
such models. Among such issues, the author’s identifies lack of reliable data, and the issue of access to 
energy, urging for more attention dedicated to modelling suppressed demand and the socio-political 
feedbacks of developing countries.  

Especially when it comes to mini-grid sizing and off-grid energy planning, a more specific set of challenges 
exists [5], the main reason for that being that off-grid energy system are not purely a technological challenge, 
but above all a social challenge, as the main goal of developing off-grid systems for access to energy is to 
trigger local development [20], which is complex phenomenon to include into modelling frameworks [21]. A 
set of specific models has been developed along the years for supporting off-grid energy planning [22], and 
can be classified into two categories: i) Off-Grid Strategy Selection Models, and ii) Off-Grid System Sizing 
Models. As for the second category of models, Akbas et al. [22] categorise them into models aiming to 
provide: optimal system configuration and unit sizing, optimal power dispatch strategy, and optimal network 
design. The present study specifically addresses the first two issues, involving the selection of types of 
energy resources and least-cost sizing of mini grid system components, which become crucial when 
considering costs and impacts of a project for rural electrification. Optimal power dispatch will come together 
with system configuration since the optimization will be run on the hourly availability of resources.  

1.3. Research gap and article’s scope 

Recent literature has been highlighting how energy models must be tailored to the african specific context 
[19,23], specifically highlighting the diffused disregard of the cost of capitals for financing energy access 
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options in the energy modelling discipline [5,15,24,25]. This absence brings to a general neglection of the 
impacts of financial parameters on the outputs of energy modelling exercises and eventually devaluates the 
research evidence that may outcome to support policy and decision makers. A contribution by Lonergan et 
al. [26] critically reviewed how the cost of capital is accounted in existing energy system models and found 
that, even though most existing models still rely on own assumptions and on expert elicitation for selecting 
an exogenous cost of capital, the literature trend is directing towards academic reference values, project 
data and financial data. This encouraging trend suggests that the energy modelling community is becoming 
more and more aware of the impact of the cost of capital to the model results. The International Energy 
Agency (IEA) is also moving in this sense: a “cost of capital observatory”1 has been launched in 2022 to 
collect and update data on the cost of capital of renewable energy projects, with a specific focus on some 
developing countries. This work has the scope of complementing the existing literature providing a simple 
approach to expand the hard link between energy and financial modelling on the local scale. A new hybrid 
modelling methodology is hence proposed to reflect the financing structures of a mini grid investment. 

2. Modelling methodology 

2.1. Financial modelling approach 

The financial modelling approach adopted in this work introduces some essential features of financial 
analysis for pushing beyond the traditional approach present in energy modelling. The modelling of the cost 
of capital is here presented to substitute the discount rate with the Weighted Average Cost of Capital 
(WACC). From this parameter, scenarios on the financing structures of the investments are produced. 

2.1.1 Weighted Average Cost of Capital (WACC) and Leverage (L) 

This parameter represents the cost of capital invested in the project averaged on its financing structure and 
can be intended as the minimum return over which the investment becomes profitable, given a certain 
structure. It must hence be minimized as much as possible. It is here defined as in Steffen [27] formulation: 

𝑊𝐴𝐶𝐶 = 𝑅𝐷 ∗ (1 − 𝑡) ∗
𝐷

𝐷+𝐸
+ 𝑅𝐸 ∗

𝐸

𝐷+𝐸
 (1) 

Where the following definitions and units of measure hold: 

D Total level of debt [kUSD] 

E Total level of equity [kUSD] 

RD Cost of debt (i.e., the interest rate) [-] 

RE Cost of equity (i.e., the return required by the equity shareholders) [-] 

t Corporate tax deduction (debt is assumed as tax deducible) [-] 

Two complementary definitions follow in Eq. (2) and Eq. (3). To this work, the total asset value of the 

investment is defined as the sum of debt and equity invested in the project: 

𝑉 = 𝐷 + 𝐸 (2) 

An additional parameter to be introduced is the Leverage ratio, also known as the debt-to-equity ratio. This 
parameter gives a proxy of the risk perceived by investors, or viceversa as the attractiveness of the 
investment to external debtors.  

𝐿 = 𝐷/𝐸  (3) 

The Leverage ratio varies between 0 (the project is fully financed by equity) and +∞ (the project is fully 

financed by debt). According to the definitions provided in Eq. (2) and Eq. (3), Eq. (1) can be reformulated as 
a function of the Leverage ratio, thus bringing to Eq. (4): 
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1 https://www.iea.org/data-and-statistics/data-tools/cost-of-capital-observatory  

https://www.iea.org/data-and-statistics/data-tools/cost-of-capital-observatory
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𝑊𝐴𝐶𝐶 = 𝑅𝐷 ∗ (1 − 𝑡) ∗
𝐿

1+𝐿
+ 𝑅𝐸 ∗

1

1+𝐿
  (4) 

𝑊𝐴𝐶𝐶 = 𝑓(𝐿) 
Eq. (4) represents the Weighted Average Cost of Capital as a function of the Leverage ratio (or debt-to-
equity ratio), varying between 0 and 1. This explicit formulation allows to represent RD, RE and t as 
parameters, while L will be kept as the only variable of the financial model. It is worth noticing that being the 

leverage L in a [0; +∞) domain, WACC varies depending on the parameters above mentioned, and can be 

qualitatively depicted as in Figure 1. 

In general, the higher the equity E is invested in a project, the less risk is perceived by new lenders and the 
more the cost of borrowing external capitals can reduce over the time, pushing for an increase of D. 
Consequently, as the above graphs reflect, the WACC can be minimized by: 

(a) maximizing the level of equity E (i.e., minimizing L) in the case that the rate of return on debt (RD) 
discounted of taxes (t) results greater than the rate of return on equity (RE); or 

(b) maximizing the level of debt D (i.e., maximizing L) in the case that the rate of return on equity (RE) 
results greater than the rate of return on debt (RD) discounted of taxes (t). 

In the case of this study, the WACC will be minimized according to the scenario of interest, referring to 
configuration (a) or (b). Finally, it is worth mentioning that the figures of RD and RE strongly depend on the 
financing structure adopted for the project. As will be advanced in the following sections, a structure built with 
a project finance approach can help in maximizing the leverage while keeping the return on debt low, if the 
solidity of future cash flows is assumed [28]. 

2.1.2 Scenario setting 

Three scenarios are here considered, stemming from the ones proposed by Agutu et al. [15]. As already 
mentioned, the leverage is generally high in SSA power projects, but the return rates on debt are still high, 
thus bringing to high costs of capital if borrowed through debt. The scenario setting must hence start from 
the consideration that, in the current mini grid sector in SSA, the most common condition is represented by 
the rate of return on debt (RD) discounted of taxes (t) resulting greater than the rate of return on equity (RE). 

The first scenario represents a common status-quo situation for the mini grid sector, in which the whole costs 
are assumed to be covered by public funded equity (i.e., granted at very low rate of return). However, this 
situation hinders the participation of private lenders or shareholders and does not therefore contribute to 
develop the sector market, for the reasons already mentioned. For this, a second scenario is introduced, 
called increasing private participation scenario. In this scenario, the shifting from a 20% to a 100% debt-
financed mini grid is represented, while keeping the rates of return fixed to the current condition. Finally, the 
third scenario foresees a public intervention in which the regulator intervenes to substantially increase the 
corporate tax discount (t) and to produce a rate of return on debt (RD) discounted of taxes (t) lower than the 
return on equity (RE). Sensitivity analyses, corresponding to different financing structures, will be performed 
to understand the impact of these parameters on the modelling outputs. 

Figure 1. WACC as function of the leverage, for different values of return on equity and return on debt. In (a), 

the return on debt discounted of taxes is higher than the return on equity, and the WACC. The opposite works 
for (b). 
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2.1.3 Assumptions 

It is worth mentioning that the financial modelling approach above introduced entails two main assumptions 
that are far from being negligible in the context of this study. These are: 

(i) the source of financing for the investment will provide 100% of the investment on due time, disregarding 
the upstream sources and markets, and 

(ii) the investment will be paid back in its entirety, with assured revenues over the lifetime of the project. 

2.2. Energy modelling approach 

The open-source energy modelling approach applied in this work emulates the one adopted by Stevanato et 
al. [29]. It couples an open-source bottom-up energy planning model, MicrogridsPy [30], with an open-source 
stochastic load demand generator, RAMP [31]. 

MicrogridsPy is a two-stage linear stochastic mini-grid optimization software developed in python (pyomo) by 
several authors in the years (original version in 2019 by Balderrama et al. [30]; multi-energy system 
optimization by Stevanato et al. [32]; multi-year capacity expansion, or MicrogridsPy-MYCE, by Stevanato et 
al. [29]; last published version in Stevanato et al. [33]). MicrogridsPy requires as inputs: the load demand 
with hourly resolution, the time series of the variable renewable energy sources with the same time 
resolution of the demand, and other parameters of techno-economic and financial nature. Both the inputs 
and the outputs are meant to be user-friendly, being written in intuitive excel sheets. The most advanced 
version of MicrogridsPy (2.0, March 2023, published at [33]) allows the user to: 

- choose the objective function of MicrogridspPy between economic ones (minimum Net Present Cost 
or non-actualized Operation Costs) or environmental ones (minimum CO2 emissions), or a weighted 
combination of the two (multi-objective optimization), 

- implement stochastic optimization, 
- implement multi-year evolving load demand and multi-step capacity expansion, 
- account for possible future connection to the main national grid, 
- account for existing capacity already installed (brownfield optimization), 
- deal with data paucity issues by mean of built-in load archetypes for rural users and endogenous 

calculation of renewable energy sources production from NASA-Power database. 

The code, available in GitHub [34] and in constant updating, is open-source under the EUPL v1.1 license 
and needs an external solver for the model resolution. The compatibility of MicrogridsPy with a stochastic 
load profile generator such as RAMP (Remote-Areas Multi-energy systems load Profiles, [31]) has been 
already tested in existing literature [29,35]: the coupling of the two models provides a powerful energy 
planning tool to account for stochasticity both on input and design sides of the problem, thus producing more 
robust modelling results. According to the financial modelling approach introduced in the previous section, 
some input parameters as well as structural equations of MicrogridsPy have been modified to realise the 
hard linking with the financial modelling and run the scenarios introduced. The updated code is available in a 
new branch of MicrogridsPy 2.0 [36]. The user is now allowed to insert the input parameters of Table 2 in the 
“Model_data.dat” file. 

Table 2.  New input parameters to MicrogridsPy. 

Parameter and default value Comment 

param: WACC_Calculation := 1;                                # 1 to select Weighted Average Cost of Capital calculation, 0 otherwise  

param: cost_of_debt := 0.11;                                  # Cost of debt, i.e., rate of return on loaned debt capital 

param: cost_of_equity := 0.12;                                # Cost of equity, i.e., rate of return on equity capital from shareholders 

param: tax := 0.02;                                           # Corporate tax to be discounted from loaned debt 

param: equity_share := 0.10;                                   # Total level of equity as a share of the total investment cost [-] 

param: debt_share := 0.90;                                    # Total level of debt as a share of the total investment cost [-] 

param: Discount_Rate := 0.02;                                 # Generic discount rate to be applied if WACC_Calculation is not selected 

The parameters are hence used in a pre-processing function that computes the leverage and the WACC as 
in Eq. (4). Moreover, all the functions including any actualization of costs have been updated to use WACC 
instead of Discount_Rate, including the Levelized Cost of Electricity (LCOE). Above all, the objective function 
will be the minimization of the Net Present Cost (NPC), now defined as: 

𝑁𝑃𝐶 =  ∑
𝐼𝑛𝑣𝑦+𝐹𝑖𝑥𝑦+𝑉𝑎𝑟𝑦−𝑆𝑎𝑙𝑣𝑎𝑔𝑒

(1+𝑊𝐴𝐶𝐶)𝑦
𝑁
𝑦   (5) 
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3. Case study: Ndoro village 

3.1. Mozambique off-grid energy context 

According to the World Bank [37], Mozambique is among the top 20 access-deficit countries (7th in the 
world), with 22 million people lacking access to electricity in 2020. This share, corresponding to the 38% of 
the national population, is mostly located in rural areas under extreme poverty caused by lack of electricity, 
income, education, and healthcare [38]. Mini-grids are not a new phenomenon in the country: since almost 
more than 25 years, the public services have owned and operated off-grid diesel generators for remote 
villages [39,40]. Off-grid electrification via renewable-based or hybrid mini-grids is increasing in the region 
but at insufficient pace to meet economic and demographic growth [16, 18], because of several barriers that 
are being investigated in disciplinary literature and reports. Among these, Baruah and Coleman [42] indentify 
economic and financial barriers such as: high cost of capital from local banks (i.e., associated to high interest 
rates), short maturity of lending, underdeveloped microfinance options, reduced attractiveness for foreign 
capitals, and no national-led incentives to mobilize low-cost finance to private-sector led off-grid projects. As 
Soares et al. [43] proved in their recent investigation, private sector stakeholders in the mini-grid sector of 
Mozambique consider economic factors as the most limiting ones for the enabling of the national market. 
Particularly, the authors highlight how the five economic factors, including general economic stability, cost of 
investment, and positive economic environment, are mostly equally important, according to the stakeholders 
interviewed. 

3.2. Materials 

3.2.1 Ndoro village 

The village of Ndoro is situated in the Administrative Post of Ndoro, in the Caia district of Sofala Province, at 
the geographical coordinates of 34°56'35.6"E 18°6'59.5"S, located 62 kilometers away from the nearest 
national electrical network. This distance has resulted in a lack of access to electricity for over 19,161 
residents of the Ndoro community. The current village's energy sources are primarily dependent on diesel 
generators, solar panels, wood, dung, charcoal, waste, candles, kerosene, portable electric torches, and 
batteries (see Table 3). Due to the dispersed population of the village, it is difficult to plan and execute 
initiatives for installing a mini grid. The absence of electricity has resulted in numerous difficulties for the 
community, including limited access to education and healthcare, lack of communication facilities, and 
decreased economic opportunities. The community's reliance on traditional sources of energy has also 
contributed to environmental degradation and pose health hazards. Efforts to address this problem and bring 
sustainable electricity to Ndoro are underway, including the installation of solar home systems However, due 
to the challenges posed by the village's reduced economic opportunities and geographical location, these 
initiatives lack extensive planning and resources. Nonetheless, providing reliable and sustainable energy to 
the people of Ndoro remains crucial for their overall development and wellbeing. 

Table 3.  General information of Ndoro village 

Location (lat., lon.) Lat. - 18°6'59.5''S Lon. - 34°56'35.6''E; 62 km from Caia district, Sofala province, 
where the nearest national electricity grid is located 

Population 19’161 

Number of users 
interviewed 

69 

Social services Hospitals, Schools, Church, Police office, Administrative post 

Productive activities Bars, Tents, Barbershops, Tailor workshop, Mills 

Sources/devices used 
Lighting – candles, kerosene, portable electric torches, and small lithium batteries 
Heating and cooking – wood, dung, residues, and charcoal 

During the site visits, between 2019 and 2020, it was possible to collect data from households, public 
institutions, and commercial infrastructures, reaching an overall of 69 potential users. The local energy 
needs were investigated in two ways: first, through the field visit, which allowed for the observation of the 
village's actual condition; and second, through meetings with focus groups involving institutions and the local 
leadership. This second step allowed to define tailored scenarios of demand evolution, too. During the on-
field visit, it was also possible to assess the viability of local renewable energy sources for generating 
electricity. The solar energy resource is unbounded, and its huge potential is freely available with few 
topological constraints. Relevant hydropower resource is absent. The load demand estimated from the data 
collected and the correspondent scenarios have been organized in a shared Zenodo repository, accessible 
at [44]. The following sub-section aims to detail the inputs that are provided to the model. 
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3.2.2 Model definition 

Energy resource assessment 

First, the potential of each energy source available in Ndoro has been evaluated. As for fossil fuels, the on-
field visit confirmed the availability of diesel in the local market to supply diesel generators, provided by local 
sellers at a roughly constant price of 1.1 USD per litre. As for renewable energy assessment, the built-in 
feature for renewable energy assessment of MicrogridsPy 2.0 has been adopted to build the hourly 
resolution time series to provide as input. The solar resource potential found was characterized by annual 
average global horizontal irradiation of about 1712.72 kWh/m2, with daily average of 400 Wh/m2 and peaks 
of almost 1000 Wh/m2. The potential of wind was evaluated at 23 m of height from the soil with the peak 
values over 14 m/s, and the yearly average wind speed of 4.055 m/s, in which is considered too low for 
efficient power generation. 

Load demand definition 

Even tough the current situation of Ndoro is far from being energy intensive, growth scenarios contained in 
[44] detail the perspective provided by local focus groups. High growth scenario has been chosen for the 
scope of this analysis, due to the willingness of investigating financing structures for a >100 kW of peak 
power capacity mini grid. In fact, this represents the most suitable case for a commercial-alike study. The 
output of RAMP software is depicted in Figure 2, showing the estimated evolution of Ndoro yearly load 
duration curves along the modelling horizon (2022-2041). 

Technology selection and techno-economic parameters 

 The model considers the possible technologies that could be employed for the construction of a 3rd 
generation hybrid mini grid [10]: solar PV panels, wind turbines, diesel generators and lithium-ion batteries. 
The techno-economic parameters for the definition of these technologies are available at [45]. 

Financial parameters and financing structures 

The sensitivity analysis has been conducted on the parameters that characterize the scenarios drawed 
according to the rationale previously introduced. The combinations of these parameters correspond to a 
specific financing structure. Values for Mozambique market have been taken and adapted to the case study 
from the publication by Agutu et al. [15]. A summary and critical description of the financing structures are 
proposed in Table 4. 

Table 4.  Summary of financing structures associated to the scenarios considered. 

Scenario Description RD RE t D [%] E [%] WACC 

Status quo 

The scenario represents the business-as-
usual case, characterised by total 
absence of private capital participation. 
The resulting WACC is low, due to the 
low rate of return required by public 
funding. 

0.26 0.13 0.02 

0 100 0.13 

Figure 2. Estimated load duration curve evolution in Ndoro village. 
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Increasing 
private 

participation 

The scenario represents an increasing of 
private capital participation from a 
partially public funded to a non-funded 
mini grid. However, since the market is 
assumed to be static, the rates of return 
are fixed to the status quo boundaries, 
and the overall WACC increases as D 
increases. The return on equity in this 
scenario is slightly increasing with 
respect to the status quo, due to the 
participation of private shareholders in 
the equity market, too. 

0.26 0.17 0.02 

20 80 0.187 

40 60 0.204 

60 40 0.221 

80 20 0.238 

100 0 0.255 

Public 
intervention 

The scenario shows how a substantial 
increase of t, consisting in a massive 
public incentivizing scheme, brings to a 
(1-t)*RD lower than RE. This changes the 
slope of the WACC curve (see Figure 1.) 
and makes the increase of D functional to 
the reduction of the WACC, thus pushing 
for the participation of the private sector. 

0.26 0.17 0.4 

20 80 0.167 

40 60 0.164 

60 40 0.162 

80 20 0.159 

4. Results and discussion 
The extent of impact of the financing structure is assessed observing the modelling outputs of the mini grid, 
i.e., the values taken by the decision variables of the model. The comparison of the results makes sense at 
scenario level and broader considerations can be made to provide an outlook for the research. 

Table 5.  Summary of results associated to the scenarios considered. 

Scenario WACC PV [kW] Diesel genset 
[kW] 

Battery bank 
[kWh]  

LCOE 
[USD/kWh] 

NPC [kUSD] 

Status quo 0.130 83.42 41.94 138.49 0.271 330.201 

Increasing 
private 

participation 

0.187 48.96 41.94 54.62 0.313 247.892 

0.204 38.3 60.21 12.91 0.321 227.569 

0.221 32.45 70.85 0.08 0.328 209.055 

0.238 28.98 74.17 0.05 0.335 192.876 

0.255 26.01 74.25 0.03 0.341 178.748 

Public 
intervention 

0.167 64.75 74.31 107.08 0.299 273.146 

0.164 65.93 46.79 107.42 0.297 277.203 

0.162 66.77 46.68 107.67 0.296 279.968 

0.159 68.55 46.6 111.97 0.294 284.196 

In the status quo scenario the WACC has been taken at a value of 0.13 from [15], considering 100% equity 
financing sourced from public fund. As already debated in different literature, this scenario is not advisable 
since it excludes the participation of private capitals. However, the relatively low WACC provides high PV 
and battery bank capacity, corresponding to the greater NPC of all the scenarios.  

As for the increasing private participation scenario, the resulting installed capacities are depicted in Figure 3. 
The five values of WACC considered correspond to a variation of the debt share from 20% to 100%. It is 
already evident from the depicted results how the PV technology, as well as the LCOEs, benefit from lower 
discount rates, in this case related to the lower debt shares. It is worth mentioning that the proposed 
configuration cannot raise debt penetration, being the return on debt still too high compared to the return on 
equity. Conversely, the public intervention scenario shows how in the case of a massive incentivizing 
intervention (t) by the regulator, the increase of debt share D can reduce the WACC. In this case, the 
modelling outputs are much less sensitive due to the reduced range of variation of the WACC. 
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All the above results are derived from scenarios with current rates of return, which are provenly inefficient 
and unattractive from a market perspective. The public intervention scenario moves in the sense of changing 
the slope of the WACC as function of the leverage L by varying the (1 – t) factor, i.e., switching from 
configuration (a) to (b) in Figure 1. On the one hand, this proves that, from the regulator perspective and to 
the goal of enhancing private participation, it would be more efficient to facilitate through a tax discount 
rather than through equity public funding. On the other hand, such a massive incentivizing intervention 
(correspondent to 40% of sourced debt) is far from being possibly realised in Mozambique.  

 5. Conclusion 
The study conducted and the results proposed have some limitations to highlight. The limitations are strictly 
related to the assumptions already commented; for instance, the willingness to accept and wilingness to pay 
for the service have been assumed, granting that the capitals invested will be paid back. However, as 
Dibaba et al. [46] highlight, the effective financial sustainability of an off-grid solution cannot neglect the 
business model that interfaces with the users. Moreover, the financial modelling approach adopted in this 
study has disregarded the technolgy-specific rates of return, though national and scenario-related values for 
the costs of capitals have been taken. Out of the results obtained and referring to Figure 1, a massive public 
intervention would be needed to reach an efficient mini grid market in which the increase of the leverage L 
produces lower WACCs and higher penetration of renewables. The installation of renewables, characterised 
by lower variable costs and higher initial investment costs, is in fact favoured by lower WACCs in the 
actualization procedure. Another option to produce this effect is to directly tackle the rates of return and 
reduce RD. To this scope, new financial approaches can be introduced. Project finance has been pointed out 
as a possible tool to upgrade the financing structure of domestic power projects in developing countries [28] 
and maximise the leverage while diversifying the sources. Such an approach could help in sourcing from 
climate finance, too, as suggested by Rai et al. [47], thus merging advantages of multiple investment 
streams while reducing the rates of return. In the case of mini grid financing, project finance is still almost 
unexplored and could be adopted for financing portfolios of several mini grids, able to ensure more solid 
cash flows and to mitigate the risk perceived by investors [13]. From the modelling perspective, this requires 
a more detailed representation of the cash flows and, possibly, a net present value-oriented optimization, 
able to account for the payback maturity and conditions of the different sources of financing. 
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Figure 3. Capacities and LCOE as function of WACC in the Increasing private participation scenario. 
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Abstract: 

Renewables are becoming more and more important due to the ambitious decarbonization targets. In this 
scenario, the improved integration of hydropower can play a crucial role thanks to its programmable operation, 
which is a valuable feature. In some countries it is a primary alternative to fossil resources, for example Italy, 
where hydro currently covers roughly half of the renewable power generation. Hydropower flexibility poses 
considerable modelling challenges due to the scarce availability of data. This work aims at addressing this 
research gap, by analysing the impact of hydropower details on energy system models. Using open-source 
information, a detailed dataset of Italian hydroelectric programmable plants (pumped hydro and reservoirs) is 
created. For each plant, storage capacity, geographical location, and nominal power are available. The multi-
annual historical operational data are exploited to derive a precipitation inflow timeseries for each electricity 
market bidding zone, which is then distributed on power plants aggregated by administrative region. This new 
set of data is applied to a multi-node, multi-sector, and multi-vector energy system model, which optimises the 
design and operation of a carbon-neutral Italian energy system, looking at a 2050 framework with assigned 
energy vectors demand. Results are compared to those of a fixed-hydropower operation case, thus being able 
to assess how the modelled flexibility impacts the optimal solution. The analysis favours an improved 
understanding of future energy systems, helping to shape properly integrated systems with a great amount of 
non-programmable sources. 

Keywords: 

Hydropower; Energy dispatch; Integration; Energy system modelling. 
 

1. Introduction 
The focus on decarbonization has been increasing steadily over the years, permeating every aspect of society. 
Within the energy sector, this trend has spurred the growing importance of renewable energy sources (RES), 
stimulated by ever-more ambitious targets. This demanding path is pushing each technology to find new ways 
to improve efficiency and economic viability. The European Union has exemplified this trend through initiatives 
such as FitFor55 [1] and REPowerEU [2], which provide substantial public funds to improve investments and 
enhance the energy security of the region. 

Such initiatives offer an exceptional opportunity for EU countries to gain greater control over their energy 
supply, thus enhancing their economic stability and security. This could help to mitigate the impact of global 
energy market fluctuations, which is particularly important for countries with high dependence on imported 
energy sources. For instance, Italy suffered significant economic consequences in 2022 as a result of its heavy 
reliance on gas and oil imports. Renewable energy sources, on the other hand, offer countries the necessary 
autonomy. This is particularly true when the manufacturing of RES-based technologies is not reliant on critical 
materials, which may otherwise hinder the achievement of climate targets.  

Within this framework, hydroelectric power generation is a crucial asset, since it is a clean energy source that 
does not require the use of rare or strategical elements for its construction. In addition, unlike solar and wind 
sources, its operations can be programmed to fit the needs of the grid. Accordingly, its smart integration can 
lead to an important reduction of CO2 emissions and to a better design of the energy system reducing the duty 
of other storage options.  

Even if the flexibility of hydropower is relevant for realistic analyses, its accurate integration in Energy System 
Models (ESMs) is often challenging. This can be attributed to the absence of a unified dataset that lists all 



hydroelectric plants and their corresponding rated power and storage capacity. Hydropower modelling in ESMs 
typically relies on the Joint Research Center (JRC) database [3], which provides data on hydroelectric power 
generation at a plant-specific level and is continuously updated over the years. However, numerous plants are 
not included in the database, and energy capacity data of reservoir systems are often unavailable. Looking at 
a country or continental scale, the available hydroelectric power and energy capacities result considerably 
underestimated. This data deficiency is common also to Italy, and it is also compounded by the difficulty in 
obtaining precipitation inflow profiles for each hydroelectric plant. As a result, aggregated data are often 
utilized, leading to higher levels of uncertainty in the results. 

This work aims at addressing this research gap, by analysing the impact of hydropower flexibility on carbon-
neutral integrated energy systems, focusing on the case of Italy. Using open-source information, a detailed 
dataset of Italian hydroelectric programmable plants (pumped hydro and reservoirs) is developed. This 
provides the storage capacity, geographical location, and nominal power of each plant, as well as the inflow 
time series by region (NUTS-2 areas). Such database is exploited to investigate the impact of hydropower 
operation in the Italian energy system using OMNI-ES, a multi-node, multi-sector, and multi-vector ESM, which 
optimizes the total annual cost, under the constraint of net-zero CO2 emissions for a target year with assigned 
demand of energy vectors. To conclude, results are compared to a case with fixed hydropower operation 
based on historical hydroelectric power generation profiles. The structure of this work is the following: Section 
2 describes the methodology developed for the gathering and elaboration of the required data. The model 
used is presented in Section 3, where also the scenario description and the assumption for the simulation are 
presented. The main results are then shown and discussed in Section 3, and finally, the key conclusions are 
summed up in Section 4. 

2. Methods and data 
This section introduces the methodological approach of the analysis. This includes the development of the 
Italian hydropower database (Section 2.1), the description of the OMNI-ES model (Section 2.2), the design of 
the assessed scenario (Section 2.3), and the modelling of hydroelectric plants (Section 2.4). 

2.1. Hydro power generation and storage data in Italy 

Hydroelectric power plants can be divided into three main technologies: run-of-river (RoR), hydro water 
reservoir (HWR), and pumped hydro storage (PHS). The first takes water from the flow of the rivers to generate 
electricity, thus representing a non-programmable source. HWR plants, instead, use dams to create basins 
that enable long-term energy storage. PHS is analogous, but it offers the possibility to pump water back to the 
upstream basin, allowing for cyclic operation. Accordingly, HWR and PHS guarantee dispatchable electricity, 
and their operation can be optimised according to the need of the grid. 

To investigate the role of HWR and PHS in decarbonised scenarios, this work develops a detailed database 
of the existing plants in Italy. Hydroelectric power generation has historically been a relevant source of energy 
in Italy due to the country’s favourable natural conditions. However, the construction of dams in almost all the 
suitable locations has already taken place, leaving limited scope for new installations. Consequently, 
hydroelectricity is expected to have lower relevance in the Italian energy system in future scenarios compared 
to solar photovoltaic and onshore wind [4], which feature a significantly larger potential of capacity expansion 
[5]. Although hydroelectric power generation faces limited opportunities for expansion, it could still provide a 
crucial contribution to the energy system, offering the opportunity to perform long-term storage (from weekly 
and monthly to seasonal) avoiding investments for new installations and reducing the risk of curtailment of 
solar and wind electricity. The existing databases of the national transmission system operator (TSO) [6] and 
ENTSO-E [7] are characterised by a poor spatial resolution, as data are aggregated either at national or bidding 
zone level. However, recent studies have shown that in systems where renewables dominate, grid 
dispatchability cannot be guaranteed, thus requiring a higher level of spatial resolution to incorporate possible 
congestion limits [5,8]. In addition, the available open-source databases lack information on the energy storage 
capacity of HWR and PHS plants. To fill these gaps, this works develops a comprehensive dataset of Italian 
HWR and PHS systems, providing the energy capacity and location of each plant. 

The analysis starts from the JRC hydropower database [3], which provides reliable data for what concerns the 
plants name and power capacity. However, only few of them feature the information about the energy capacity, 
and the comparison with the number of plants provided by the Italian TSO Terna SpA [6] shows that a 
significant number of plants is absent in the JRC database. Specifically, the TSO reports a total of over 4000 
plants, whereas the JRC database lists approximately 300 plants. As a result, the JRC database 
underestimates the national power capacity of hydro by over 20% (19.4 GWe compared to 24.7 GWe). 
Accordingly, a dedicated and detailed search has been carried out to complete the list of plants and to retrieve 
the energy capacity. The analysis relies on freely accessible sources, largely derived from the websites of 
plant owners and of the Italian Ministry of infrastructures and transport [9]. In particular, the latter provides the 
volume of the basins. In the cases for which the storage capacity (𝐶) is absent, it is evaluated as: 

𝐶 =  𝜂 ∙ 𝐶𝑤𝑎𝑡𝑒𝑟 ∙ 𝐻 (1) 



 

where 𝜂 is the turbine efficiency, assumed equal to 87% considering a reference value for a plant featuring a 
Pelton turbine. Such assumption is in many cases conservative, as it is applied also to plants where the more 
efficient Francis turbines are installed. The water capacity of the basin is expressed by 𝐶𝑤𝑎𝑡𝑒𝑟 , while 𝐻 
represents the head (in m) from the dam to the turbine where the conversion into electricity occurs. In the 
cases for which the plant head is not explicitly provided, it is estimated from topological data. 

Values at the plant level are then aggregated to have a regional detail, in order to comply with the resolution 
of the ESM (see Section 2.2). The final values are represented in Figure 1, and are used as input to the model 
to define the maximum capacity of each region. 

 

 

Figure 1. Energy storage capacity by region for (a) pumped hydro storage and (b) hydro water reservoir plants. 

After having defined the capacities for each region, the water inflow is computed. This depends on the 
precipitations occurred in the watershed connected to each plant. However, detailed inflow data at a plant level 
are unavailable, and it is difficult to link a specific dam to the precipitation in the upstream portion of the 
watershed over a specific time period. Accordingly, the analysis considers the aggregate inflow by region. 

The time series of the aggregate filling rate of HWR and PHS plants provided by ENTSO-E [7] is the starting 
point to derive the precipitation inflow. In particular, data represent the weekly-resolved estimation of the stored 
energy value (SEV) aggregated by bidding zone. The inflow time series is computed as: 

𝐼𝑛𝑓𝑙𝑜𝑤𝑖 = 𝑆𝐸𝑉𝑖+1 − 𝑆𝐸𝑉𝑖 + ∑(𝐸𝐻𝑊𝑅,𝑗 + 𝐸𝑃𝐻𝑆𝑔𝑒𝑛 ,𝑗 − 𝐸𝑃𝐻𝑆𝑐𝑜𝑛𝑠 ,𝑗)

168

𝑗=1

 (2) 

where 𝐸𝐻𝑊𝑅,𝑗, 𝐸𝑃𝐻𝑆𝑔𝑒𝑛 ,𝑗 , and 𝐸𝑃𝐻𝑆𝑐𝑜𝑛𝑠  ,𝑗 are respectively the energy generated by reservoirs plants, the one 

generated by pumped storage plants, and the pumping consumption of pumped storage plants. Profiles of 
these quantities are available from ENTSO-E with an hourly resolution [10], so they are summed over each 
week of the year to be consistent with the SEV data. The i subscripts indicate the weeks in the year while the 
j ones represent the hours. To be consistent with the TSO inputs, a change in the ENTSO-E profiles is required. 
Indeed, since in the TSO data HWR are higher in terms of capacity, a compensation regarding the overall 
energy generated by them is needed not to underestimate the inflow. Consequently, the ENTSO-E profiles are 
scaled to match the overall generation by bidding zone provided by the TSO. The difference between the two 
data providers is due to different classification criteria regarding the type of hydropower plants. These are 
classified according to the time in which the overhead basin is filled by water stream. Specifically, the TSO 
sets as threshold between RoR and HWR a filling time of 2 hours, while ENTSO-E considers a value of 24 
hours. 

The resulting profiles represent what is assumed to be the charging or discharging of the bidding zone basins 
due to only the natural contributions (i.e., precipitations, evaporation, icing). As an example, Figure 2 shows 
the inflow profiles of two bidding zones (i.e., Centre-North and Sardinia). The inflow profiles clearly show that 
the distinct bidding zones feature seasonally different precipitation profiles. This is especially noticeable 
comparing northern and southern regions, where the basins are used as seasonal water storage to 
compensate the absence of rain during summer. Figure 2 also shows how, depending on the season, the 
inflow may also feature negative ones. These may result from evaporation and ice formation, or may be due 
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to maintenance of dams, which can require to empty the whole basin. Another reason may be the minimal vital 
flow that each river must provide and that, in the case it is regulated artificially, must be preserved through the 
spilling of water from reservoirs, especially in periods where no precipitations occur and the power plants are 
turned off. These data also show how in some regions (e.g., Sardinia) precipitations are extremely 
concentrated in time, highlighting importance of artificial basins for the river flow regulation. 

 

 
Figure 2. Inflow profiles of the Centre-North and Sardinia bidding zones. 

 

The obtained inflow profiles must be distributed over the two different technologies (i.e., HWR and PHS) and 
over the regions that constitute each bidding zone. This is attained by dividing the inflow proportionally to the 
regional energy capacity of HWR and PHS plants (as previously derived). This is equivalent to assuming that 
plants with larger capacity benefit from a proportionately greater share of the bidding zone inflow. 

2.2. Model description 

The Italian energy system is modelled with the OMNI-ES model described in Ref. [5]. Considering a target 
year (2050 in this work), the model optimizes the national energy system by minimizing the total annual cost 
(including both capital and operational expenditures), covering all end-use sectors (residential and services, 
industry, road mobility, aviation, and navigation) and considering capacity expansion for all the included 
technologies adopting a brownfield approach. OMNI-ES is based on a multi-node formulation with a regional 
(NUTS-2) resolution and solves the energy balances on an hourly basis, adopting a perfect foresight approach. 
As   

Figure 3 shows, the model encompasses a multiplicity of energy vectors (electricity, methane, hydrogen, liquid 
fuels – fossil, biogenic, or hydrogen-based) and the related transport networks, enabling the possibility to 
exploit the existing gas grid to deliver a blend of methane and hydrogen. In addition, OMNI-ES tracks the CO2 
flows considering carbon sources, sinks, and uses, in order to introduce a net-zero emission constraint. 

 

  

Figure 3. Schematised structure of the OMNI-ES model: nodal balances of energy vectors and CO2 [5]. 
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2.3. Scenario definition 

This work applies the OMNI-ES model to investigate the role of hydroelectricity in a long-term scenario for 
Italy, considering 2050 as target year and enforcing the achievement of economy-wide carbon neutrality. 

OMNI-ES requires as exogenous input the demand quantity and hourly profiles of each energy vector. 
Specifically, the analysis considers the evolution of all end-use sectors towards the adoption of decarbonized 
options. The resulting sectorial energy vector demand is summarized in Figure 4, considering the share by 
energy vector and the total annual demand by sector. The underlying assumptions are briefly presented in the 
remainder of this section, while a detailed discussion may be found in Ref. [5]. 

 

 

Figure 4. Demand of energy vectors by sector: shares on energy basis (left axis) and annual quantity (right axis). 

The electric load encompasses the projection of the conventional consumers demand based on population 
and gross domestic product (GDP) growth and increased electrification in households, as assumed by the 
transmission system operators [11], and the additional demand from the electrification of building heating, 
transport, and industrial heat generation. The gas demand is assumed to be satisfied with a CH4-H2 blend with 
unconstrained hydrogen fraction, and takes into account the projected consumers demand as defined by the 
transmission system operator [11], a residual use of gas systems for heating of buildings, and high-temperature 
industrial heat generation. Pure hydrogen uses encompass applications in the transport sector and in industry, 
while liquid fuels are used in transport, considering the possibility to exploit carbon-neutral fuels in internal 
combustion engines, aviation, and navigation, and industry as chemical feedstocks. 

In the heating sector, 75% of the thermal demand is assumed to be covered via electric heat pumps, 15% via 
district heating, 5% via gas absorption heat pumps, and 5% via biomass boilers. Cooling introduces an 
additional electricity demand, defined accounting for thermal comfort needs. The corresponding hourly-
resolved profiles for each technology are determined following the methodology presented in Refs. [12–14]. 

Demand shares in transport are defined on the basis of recent long-term estimations for the sector [15,16]. 
The stock share assumptions for road transport (reported in Table 1) consider a massive presence of battery 
electric vehicles (BEVs) in light mobility, while hydrogen-powered fuel cell electric vehicles (FCEVs) and 
internal combustion engine vehicles (ICEVs) fed with liquid fuels (LF) are more relevant in heavy transport. 
The analysis also maintains the current reliance of part of road transport on pure CH4, with use of either natural 
gas or biomethane. For aviation and navigation, demand shares are assigned considering the national 
consumption as reported in Figure 4, taking into account both passenger and freight transport. 

 

Table 1. Road transport stock share assumptions. 

Category ICEV-LF ICEV-CH4 BEV FCEV 

Passenger cars 10% - 75% 15% 

Light-duty vehicles 20% 5% 50% 25% 

Heavy-duty vehicles 20% 10% 10% 60% 

Buses 15% - 50% 35% 

 

The industrial demand of energy vectors is built from historical consumptions [17], considering the adoption of 
decarbonized technologies. In particular, the analysis assumes the complete electrification of low-temperature 
(< 100 °C) process heat generation (excluding the systems already based on biomass, geothermal, and solar 
energy), while medium- and high-temperature (> 100 °C) heat generation based on oil derivatives and solid 
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fuels is considered to be converted to gas boilers fed by a CH4-H2 blend with hydrogen fraction up to 100%. 
Regarding the chemical industry, all fossil-based feedstocks are assumed to be converted to carbon-neutral 
options. This involves the replacement of natural gas in ammonia and methanol production with hydrogen, and 
the substitution of naphtha in high-value chemicals (HVC) and BTX (benzene, toluene, and xylenes) with 
carbon-neutral methanol [18]. Primary steelmaking is assumed to switch to Direct Reduction of Iron ore (DRI) 
and Electric Arc Furnaces (EAF), considering that, as DRI feed, half of the production relies on methane and 
half on hydrogen. The implementation of carbon capture and storage (CCS) is imposed for the methane-based 
production. Carbon capture and permanent sequestration is considered also in cement production. 

The potentials for renewable energy sources are determined based on Ref. [5]. The solar photovoltaic potential 
is estimated to 405 GWe, considering both rooftop- and ground-based plants, while the available wind speed 
and the geomorphological features of the territory limit the onshore wind potential to 224 GWe. Considering 
areas with suitable wind intensity and seabed morphology for piled foundations [19], the offshore wind potential 
is set to 9.5 GWe. For thermoelectric power generation, the analysis considers the revamping of combined-
cycle gas turbines (CCGTs) and open-cycle gas turbines (OCGTs) with the installation of high-efficiency 
devices fuelled by CH4-H2 blend, as well as the phase out of oil- and coal-based plants. The maximum capacity 
of CCGTs and OCGTs is set 50% higher than current values (resulting in 83 GWe for CCGTs and 5 GWe for 
OCGTs), as revamping generally involves larger machinery. The biomass-based power generation potential 
is assumed equal to today’s installed capacity (4 GWe), as biomass availability is the main constraints for its 
exploitation. In accordance with national strategies, the operation of Waste-to-Energy (WtE) plants is kept 
unvaried (the installed capacity is currently 1 GWe) [20]. As most available areas have already been exploited, 
only a slight increase of geothermal (+10%, reaching 1 GWe) and run-of-river (+20%, reaching 7 GWe) capacity 
is considered. For the same reason, the installed capacity of HWR and PHS is assumed unvaried (see Section 
2 for the discussion on the current status of hydroelectric power generation). 

Regarding domestic sources, the upper boundary for domestic gas production is set to the 2019 value, equal 
to 47 TWhLHV/y, taking into account both onshore and offshore wells [21]. A biomass availability of 52 TWhLHV/y 
is determined considering waste and residual solid biomass exclusively [22], while a biomethane production 
potential of 55 TWhLHV/y is estimated considering the upgrading of biogas produced from livestock residues 
and biodegradable waste [22,23]. Finally, an annual storage capacity of 20 MtCO2/y is assumed as upper 
boundary for permanent CO2 sequestration, corresponding to the lower boundary of the range indicated in the 
national long-term strategy [4]. 

2.4. Modelling of hydroelectric power generation 

Based on the description provided, the aim is to analyze the impact of flexible hydropower operation on the 
national energy system in long-term scenarios with high levels of renewable energy penetration. To this end, 
two scenarios are investigated. The first does not enable hydropower flexibility of reservoir plants, assigning 
the operation of HWR plants based on historical generation profiles. The second scenario differs from the 
previous one in the way in which the reservoir plants are modelled. Here, the model selects the optimal plant 
operation, according to the equation: 

 

𝑄𝐻𝑊𝑅
𝑟,𝑡+1 = 𝑄𝐻𝑊𝑅

𝑟,𝑡 + �̃�𝑖𝑛𝑓𝑙𝑜𝑤,𝐻𝑊𝑅
𝑟,𝑡 −

𝑞otp,𝐻𝑊𝑅
𝑟,𝑡

�̃�
 (3) 

 

where, referring to the generic region 𝑟 and time step 𝑡, 𝑄𝐻𝑊𝑅
𝑟,𝑡

 is the energy storage content of HWR plants, 

�̃�𝑖𝑛𝑓𝑙𝑜𝑤,𝐻𝑊𝑅
𝑛,𝑡

 is the inflow as determined in Section 2.1, and 𝑞otp,𝐻𝑊𝑅
𝑟,𝑡

 is the output power generation of HWR 

plants. Specifically, the inflow �̃�𝑖𝑛𝑓𝑙𝑜𝑤,𝐻𝑊𝑅
𝑛,𝑡

 is an exogenous input data, while the storage content 𝑄𝐻𝑊𝑅
𝑟,𝑡

 and the 

power output 𝑞otp,𝐻𝑊𝑅
𝑟,𝑡

 are model variables endogenously optimised. 

The database developed in Section 2.1 provides the hourly profiles of natural inflow and the available storage 
capacity of HWR plants, which bounds the storage content in each region. To provide a realistic assessment, 
the initial level of the basins is imposed equal to the historical one at the first hour of the year. The level at the 
end of the year is instead imposed to be greater than or equal than the minimum value between the initial 
storage content and the historical end-of-year level. For this analysis the reference year, from which the 
historical data are derived, is the 2019. The choice is made to be consistent with the data used in Ref. [5], 
which considered 2019 as reference weather year. In addition, 2019 represents an average year for what 
concerns precipitations and basins filling levels. To conclude, the operation of pumped hydro storage plants is 
optimised in both scenarios, and run-of-river plants are modelled with assigned profiles equal to the historical 
ones, assuming a 20% capacity increase to account for new installations. 

 

 

 



3. Results and discussion 
Given the model description, the main assumptions, and the input data, the analysis compares the cost-optimal 
energy system configuration in a scenario with assigned HWR plant operation based on historical profiles 
(considered as reference) and in one with optimised flexible HWR operation. 

Figure 5 shows the HWR duration curve comparison between the flexible and the assigned operation 
scenarios. The curve of the reference scenario features a smoother trend, as hydroelectricity has traditionally 
provided base load generation. When enabling flexible operation, HWR plants exhibit a peaking behavior, as 
the operating hours do not cover the whole year and the profile is shifted towards higher power values. 

 

 

Figure 5. Duration curves of hydropower reservoir (HWR) plants in the flexible and in the reference scenarios.  

Figure 6 shows the comparison of the storage energy value by bidding zone in both scenarios, following the 
geographical division of 2019. Specifically, the curve of the reference case is derived from historical data from 
ENTSO-E for the year 2019. In contrast, the flexible scenario aggregates results from individual regions across 
the bidding zones. 

  

Figure 6. SEV comparison between the flexible scenario output and the 2019 profiles, for the aggregation of HWR and 

PHS basins in each bidding zone. 
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The model is allowed to vary between the maximum capacity of the basins, determined by the analysis 
illustrated in Section 2, and a minimum storage content, set equal to the historical minimum basin level. In 
some bidding zones (e.g., Sicily) the difference between the two lines is less marked, showing that using the 
assigned historical profiles does not represent a great difference, as HWR power generation is mostly driven 
by the availability of inflow. Instead, the curves are more distinct in bidding zones (e.g., Centre-South) resulting 
in a higher amount of energy stored during summer to be then discharged in autumn when photovoltaic 
generation is lower. Results reveal that the North bidding zone, which represents nearly 65% of the national 
value in terms of capacity, exhibits a trend similar to the historical one. However, it features a more pronounced 
seasonality, reaching differences of the energy stored during summer in the order of 1000 GWhe. 

These results show how hydroelectric basins operation can be assimilated to storage systems and that HWR 
detailed modelling can lead to a different optimal system configuration. In this regard, Table 2 shows the 
variation of the installed capacities of the most relevant technologies between the two scenarios. The 
introduction of HWR flexibility significantly impacts on the installation of battery energy storage systems 
(BESS), which feature a sensibly lower capacity in the flexible scenario. This is due to the possibility to exploit 
existing assets (i.e., hydroelectric plants) as storage systems, reducing the need for new installations that 
would represents an extra cost for the system. Indeed, the optimised use of HWR replaces BESS role in 
balancing short-term oscillations of renewable power generation. The availability of investment-free storage 
options enables a larger deployment of solar photovoltaic, which is the RES power generation technology with 
the lowest lower levelized cost of electricity, while the wind capacity undergoes a corresponding decrease. To 
avoid curtailment, the system relies on a larger hydrogen storage capacity, which is also used to compensate 
the greater seasonal unbalances that result from the additional PV installations. Gas turbine-based power 
generation capacity decreases by 22 %, as the flexible operation of HWR plants guarantees dispatchable 
electricity to assist the grid in hours where non-programmable sources are not available. 

 

Table 2. Installation of main technologies. 

Technologies Reference scenario Flexible scenario Variation 

Solar photovoltaic [GWe] 311 338 +8% 

Wind [GWe] 130 127 -2% 

Gas turbine-based power generation [GWe] 17 15 -13% 

Battery energy storage [GWhe] 106 81 -24% 

H2 storage [GWhLHV] 944 1212 +28% 

 

 

Figure 7 focuses on the integration between PV and hydro reservoirs in the flexible operation scenario. The 
black line represents the cumulative duration curve of these two technologies, while stacked columns represent 
the share of HWR (in light blue) and photovoltaic (yellow) on the generated power in each hour. The figure 
shows a complementarity relation between solar PV and HWR, as the latter is used when solar radiation is 
scarce or not available. Indeed, the share of hydro reservoir generation starts to appear only at low power, 
increasing significantly in the right part of the chart. 

 

 
Figure 7. Cumulative PV and HWR duration curve (left axis) and hourly share on generated power (right axis). 
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Such behavior is also evident in Figure 8, which highlights that hydro reservoirs are adopted to compensate 
for the lack of PV generation during nighttime or low-solar-radiation days. The operation of the two systems 
features a strong daily pattern, with HWR covering the load in the early morning and late afternoon and PV 
taking over the central hours of the day. Consistent with the trend highlighted in Figure 5, HWR plants often 
operate at peak power. A certain degree of seasonal complementarity is also observed, as HWR generation 
in the central hours of the day intensifies in periods with low availability of solar radiation, such as the end of 
January, November, and December. Figure 8 also provides insights on the effect that the optimised 
management of hydroelectric systems has on reducing the need for BESS capacity, with the former 
compensating short-term renewable generation deficits. 

 

 

Figure 8. Hourly-resolved power generation profiles of hydro water reservoir (a) and solar photovoltaic (b). 

4. Conclusions 
The study presented in this work investigated the impact of hydropower flexibility on the Italian energy system, 
by introducing detailed hydropower data in a multi-node, multi-sector, and multi-vector energy system model. 
A comprehensive dataset of the programmable hydroelectric plants (pumped hydro and reservoirs) in Italy was 
created using open-source information. Compared to the available hydropower data sources, the developed 
dataset includes a complete list of plants, providing the nominal power and the energy storage capacity, which 
is typically unavailable in both national and European databases. Data have been aggregated to the regional 
level (NUTS-2) to compute the natural inflow profiles of HWR and PHS systems. The OMNI-ES energy system 
model was adopted to investigate the role of hydropower in economy-wide carbon-neutral scenarios. Adopting 
a perfect-foresight approach, the model application compared a flexible HWR operation scenario with 
optimised management of HWR plants, and an assigned operation scenario with HWR generation profiles 
based on historical data. The year 2019 was considered as reference for all the time series, while sensitivity 
analyses on the impact of the weather year are left to future assessments. 

Results show that hydropower operation shifts from baseload to peak generation, thus acting as compensation 
of the intermittent generation of non-programmable sources. Accordingly, the system avoids the installation of 
additional flexibility elements, such as battery energy storage and gas turbine-based power generation, which 
feature a 24% and 13% capacity reduction compared to the assigned-operation scenario, respectively. 
Correspondingly, the optimised hydropower operation enables the deployment of additional solar photovoltaic 
capacity (+ 8%), leveraging its LCOE. Overall, the system is positively impacted by the possibility to perform 
both short-term and seasonal storage exploiting already existing assets, improving the integration of 
intermittent renewable sources in the energy system. Further developments of the work will involve the 
assessment of the impact of the reference climate year, considering different historical time series 
characterised by higher or lower precipitation. The effect of climate change will also be addressed, 
investigating the change of hydropower resources caused by global warming. 

Nomenclature 
Acronyms 

BESS Battery Energy Storage System 

BEV Battery Electric Vehicle 

CCGT Combined Cycle Gas Turbine 

CCS Carbon Capture and Storage 

EAF Electric Arc Furnaces 

a) Hydro water reservoir b) Solar photovoltaic



ESM Energy System Model 

FCEV Fuel Cell Electric Vehicle 

GDP Gross Domestic Production 

HVC High Valuable Chemicals 

HWR Hydro Water Reservoir 

ICEV Internal Combustion Engine Vehicle 

JRC Joint Research Centre 

LF Liquid Fuels 

OCGT Open Cycle Gas Turbine 

PHS Pumped Hydro Storage 

PV  Photovoltaic 

RES Renewable Energy Sources 

RoR Run of River 

SEV Storage Energy Value 

TSO Transmission System Operator 

WtE Waste to Energy 

Symbols 

𝐶  Electric energy storage capacity 

𝐶𝑤𝑎𝑡𝑒𝑟   Water volume of hydropower basins 

𝐸𝐻𝑊𝑅,𝑗  Energy generated by hydro water reservoir plants at hour 𝑗 

𝐸𝑃𝐻𝑆𝑔𝑒𝑛,𝑗 Energy generated by pumped hydro storage plants at hour 𝑗 

𝐸𝑃𝐻𝑆𝑐𝑜𝑛𝑠,𝑗 Energy consumed by pumped hydro storage plants at hour 𝑗 

𝐻  Head of hydropower plants 

𝐼𝑛𝑓𝑙𝑜𝑤𝑖  Inflow to hydro water reservoir and pumped hydro storage plants in week 𝑖 

𝑆𝐸𝑉𝑖  Storage energy value of hydro water reservoir and pumped hydro storage plants in week 𝑖 

�̃�𝑖𝑛𝑓𝑙𝑜𝑤,𝐻𝑊𝑅
𝑟,𝑡

 Inflow to hydro water reservoir plants in region 𝑟 and time step 𝑡 

𝑄𝐻𝑊𝑅
𝑟,𝑡

  Storage content of hydro water reservoir plants in region 𝑟 and time step 𝑡 

𝑞otp,𝐻𝑊𝑅
𝑟,𝑡

  Power output of hydro water reservoir plants in region 𝑟 and time step 𝑡 

𝜂  Conversion efficiency of hydropower plants 
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Abstract:
Energy system models are indispensable tools for energy planning and decision making. They identify the most
cost-effective way of delivering energy to the final consumer. No one tool that addresses all the energy system-
related issues. Every model has its own strengths and limitations and serves a different purpose. This paper
aims to compare the capabilities of two different model formulations to model both the hydro scheduling and
the short-term dispatch problems in hydro-dominated power systems. On the one hand, SDDP, a commercial
model for hydrothermal generation scheduling with a representation of the transmission network, has been
used by the Bolivian system operator for dispatch simulations. Conversely, Dispa-SET, an open-source unit
commitment and economic dispatch model with mid-term hydrothermal coordination capability, has been used
previously in several Bolivian case studies. In this paper, both models were applied to the same input dataset
of the Bolivian electric system considering probabilistic results for 43 weather years from 1984 to 2021. SDDP
optimizes the system under all weather years, while Dispa-SET optimises under one full year, for which 43
runs were made. The results show that SDDP generation, reservoir level and spillage fall into the ranges of
Dispa-SET results. Some differences that are present mainly lie in the conceptualization of the methods of both
models. SDDP prioritizes the dispatch of hydro units, while Dispa-SET, with a higher temporal and technical
resolution, maximizes the use of non-dispatchable units such as variable renewables and run-of-river.

Keywords:
Dispa-SET Bolivia; Energy system modelling; SDDP; Hydro scheduling.

1. Introduction
The Paris Agreement and Sustainable Development Goals (SDGs) are crucial global frameworks addressing
environmental and development challenges, requiring changes in every country. The Paris Agreement commits
countries to achieve net-zero greenhouse-gas emissions by the middle of the century, while the SDGs consist
of 17 SDGs and 169 targets for Prosperity, People, Planet, Peace, and Partnership [1]. SDG7 aims to ”Ensure
access to affordable, reliable, sustainable and modern energy for all” [2]. For this, renewable generation
expansion is critical in helping to mitigate global warming. These agreements have significant implications
for national development plans for developed and developing countries [3]. Bolivia’s Nationally Determined
Contribution (NDC) [4], consistent with the Paris Agreement, presents climate goals and actions aligned with
emission reduction and adaptation to the impacts of climate change. Bolivia aims to achieve a transition in
electricity generation towards renewable energy and targets 79 % renewable energy consumption and 50 %
of renewable installed capacity by 2030. Bolivia’s alternative energy goal by 2030 is to reach 19 % energy
consumption from Biomass, Solar, Wind and Geothermal energy, contributing to SDGs 7,8,12, and 13.
Energy models are essential analytical tools that can support SDG goals by analyzing potential energy project
impacts [5]. Energy models’ quantitative analysis supports much of academic research and energy policy-
making [6]. There is a wide variety of models, each with its unique blend of paradigms, techniques and
solutions. Each model’s extensive range of choices makes it unlikely that a single model could incorporate
them all at once [7]. While most models’ source code is not available for public access or modification, open-
source models allow users to access and modify the model code. According to Pfenninger [6], open-access
models improve the quality of science, allow more effective collaboration across the science-policy boundary,
increase productivity through collaborative burden sharing and allow profound relevance to societal debates.
In Energy models, when solving the hydrothermal scheduling problem (HTSP) in a system with a large share
of hydro generation, such as Bolivia, water inflows play an essential role in the decision-making process. The
scheduling of generators must consider various future possibilities, and if a cascade system exists, water



availability is influenced by decisions made in upstream reservoirs. These issues complicate the HTSP, and
when an optimization model is designed for it, the decision variables that must be considered include the
turbined water used for generation, storage, and spillage [8].
The models of interest for this study are a Stochastic dual dynamic programming model (SDDP) and a Mixed-
Integer Linear Programming model (MILP), both bottom-up and dynamic energy models. The Brazilian en-
gineering company PSR has used SDDP algorithm in its software bearing the same name, which has been
applied in operations studies in more than 30 countries, including Bolivia. On the other hand, the Dispa-SET
model, which uses the MILP algorithm, is an open-source model that has been applied in previous research
in different countries, including Bolivia. Both models analyze the components and interconnections between
different energy sectors, allowing the comparison of the impact of different technologies on the energy system
and finding the best future alternative [9]. They can also find optimal solutions for energy systems under pre-
defined constraints [10]. SDDP and Dispa-SET models have been used in previous research for hydro-thermal
scheduling. For example, Gjerden et al. [11] applied SDDP for the Norwegian hydropower system, with 500
hydropower modules applying a stochastical time resolution of one week, showing that the statistical properties
of the inflow model significantly impacts the model performance and that the accuracy of SDDP-based models
are dependent on the number of inflow series. In [12] the soft-linking between two models was done, where
Dispa-SET is used for mid-term hydrothermal coordination, optimal unit commitment and power dispatch over
the whole African continent. In this article, the water-energy nexus was analyzed, whose indicators reveal that
the water stress induced by power generation activities is problematic in some power pools. Zarate et al. [13]
modelled the Bolivian power system on Dispa-SET, focusing on hydropower to assess the effects of different
rainfall years on the ability of hydropower to generate and store electricity in the Bolivian electric system.
In this paper, these two energy models are compared, applied to the Bolivian electric system for the year 2026,
where renewable energy projects are planned to be implemented. The paper is structured as follows: Section
2 provides an overview of the Bolivian case study; Section 3 describes the methodology that was followed for
the model mapping and the simulation configuration; Section 4 presents the modelling results and comparison
between the two models; Section 5 concludes.

2. Case study - The Bolivian energy system
The Bolivian electric system consists of the National Interconnected System (SIN) and the Isolated System,
which provide electricity to main cities and remote places, respectively. This study focuses on the SIN, which
is divided into four zones: North (La Paz and Beni), Oriental(Santa Cruz), Central(Oruro and Cochabamba)
and South (Potosı́, Chuquisaca and Tarija) (Fig.1). In 2021, SIN energy production was 9628.93 GWh, 33.24%
from hydro, 62.31% from thermal (mainly gas), 3.52% from solar PV and 0.93% from wind power plants. [14]

Figure 1: The Bolivian National Interconnected System zones: North (La Paz and Beni), Oriental(Santa Cruz),
Central(Oruro and Cochabamba) and South(Potosı́, Chuquisaca and Tarija), with the new transmission lines
scheduled to be implemented by 2026 [15].



The Bolivian electric plan 2025 [16], proposes expanding the electrical infrastructure and gradually incorpo-
rating the Isolated System into the SIN. The plan targets 70 % hydroelectric generation and 4 % alternative
energy generation [16]. The plan includes the incorporation of Miguillas power plant with two generation units,
Umapalca with 83 MW and Palillada with 116 MW, both located in La Paz; Ivirizu power plant with two gen-
eration units, Sehuencas with 194 MW and Juntas with 89 MW of installed power located in Cochabamba,
and Condor with 1,4 MW in Potosi. The renewable generation projects to 2025 consider the incorporation of 2
wind farms, La Ventolera, with 23 MW of power, located in Tarija, and Warnes-2, with 20 MW of power, located
in Santa Cruz [16] [15]. The total installed capacity in 2022 was 3495 MW, and it is planned to increase to
4036 MW with the hydroelectric and renewable energy projects for 2025. Figure 2 shows the current installed
capacity for each zone (2022) and the projected installed capacity for 2025 by zone, with new additions mostly
in the form of hydro, VRE and biomass. The existing VRE installed capacity is 29.4% in 2022 and is expected
to grow to 38.8% by 2026. The new VRES projects are mainly in the form of hydro and wind.

Figure 2: Current (2022) and projected (2025) total installed capacity (MW) by zone. New additions are mostly
in the form of hydro, VRE and biomass.

The expansion of the electrical transmission infrastructure between the neighbouring zones by 2026 includes
[17] [15].:

• A new transmission line between Central and Oriental zone with the Carrasco-Brechas line of 500 KV,
which in the future will be part of the exporting lines to neighboruring countries.

• A new transmission line of 230 KV between Central and North zone with Santivañez-Miguillas line

• A new line between the Central and South zone with 230 KV in the line Mizque-Sucre.

3. Methodology
The work presented in this paper is a continuation of previous Dispa-SET studies for the Bolivian energy sys-
tem [18] [19], with the novelty of probabilistic analysis of results. The input data for Dispa-SET was obtained
from the Bolivian electric system of SDDP software, which is used by CNDC (Comité Nacional de despa-
cho de carga) and ENDE Corporation, to ensure consistency and compare simulation results for 2026 after
incorporating new generation and transmission infrastructure.
3.1. Stochastic dual dynamic programming model
SDDP model is used to optimize the expected value of a benefit function or a cost function over a given planning
horizon involving weeks or months stages [20]. The optimization problem in this model is solved using dynamic
programming, and the solution is used to update a set of dual variables [?]. SDDP breaks down the multistage
nonlinear problem into a series of stage linear problems (assuming that the overall problem is convex). The
dual variables are then used to formulate and solve a linear programming problem that generates a new set of
feasible solutions. Rougé et.al. [20] says: ” The basic idea behind SDDP is to approximate the convex benefit-
to-go function by Benders cuts, mathematical objects that can be thought of as hyperplanes. The algorithm
then simulates reservoir operation decisions by using these hyperplanes approximating the true benefit-to-go
functions”.
SDDP software is a hydrothermal dispatch model with a detailed representation of the transmission network.
SDDP considers hydro plants operations, thermal plant modelling, spot markets, supply contracts, hydrological
uncertainty, transmission network, and load variations to find the least-cost operating policy of a proposed



hydro system. The main outputs from SDDP are hydro and thermal generation, thermal operation costs,
energy interchange, fuel consumption, deficit risks and energy not supplied, short-run marginal costs and
marginal capacity benefits.
3.2. Mixed-Integer linear programming model
Dispa-SET, a deterministic dynamic programming algorithm, is an open-source unit commitment and economic
dispatch (UCED) model, developed within the Joint Research Centre of the EU Commission. It is a multi-
sectoral energy model that represents the short-term operation of large-scale power systems with a high level
of detail to assess the flexibility needs of systems with a high share of VRES, solving the UCED problem.
Dispa-SET is expressed as a Mixed-Integer-Linear-Program (MILP), written in python and solved in GAMS.
The model’s objective function is to minimize the total operational system cost [21].
Dispa-SET includes a Mid-Term Scheduling (MTS) module, a relaxed formulation of the core hydro thermal
MILP formulation, executed in the pre-processing phase, enabling fast and efficient pre-allocation of the State
of charge (SOC) of all storage units present in the system. Since Dispa-SET simulations are performed for
a whole year with a time step of one hour, the problem dimensions are not computationally tractable if the
optimization is done at once [12]. Therefore, in the unit commitment and power dispatch module (UCM), the
problem is split into smaller optimization problems that are run recursively throughout the year. The initial
values of the optimization for any given day are the final values of the optimization of the previous day. A
look-ahead period is included and then discarded to avoid issues linked to the end of the optimization period.
This optimal hydro allocation is particularly relevant in systems with a high share of hydro dams and pumped
hydro reservoirs [12]. Results from MTS are used as guidance curves of the reservoir levels, which are then
used as minimum level constraints in the UCM module.
3.3. Comparison between model capabilities
Both Dispa-SET and SDDP are dynamic, partial equilibrium, hydro scheduling models. The summary of mod-
elling features between SDDP and Dispa-SET is shown in Table 1. Dispa-SET is a model that needs accurate
input data that can be run in parallel on several historical weather years. The results from such analysis can
be statistically processed and presented in a probabilistic format. SDDP is a stochastic model that needs a
significant amount of historical data to calibrate the inputs, considering uncertainties of parameters. Dispa-SET
is an open-source model, while SDDP is a commercial model. Dispa-SET has a higher temporal and technical
resolution than SDDP, taking into account the variability and uncertainty of renewable energy sources, as well
as the demand variability and network congestion.

Table 1: Comparison between SDDP and Dispaset models

SDDP Dispa-SET
Type Stochastic Deterministic/Probabilistic

Open Source X
Therm Mid-term Mid-term

Geographical area National/Regional Regional/National/Continental
Optimization Dynamic LP Dynamic MILP/LP

hydro scheduling
Unit Commitment and Power Dispatch Limited Full

Resolution 5 blocks/week hourly/15 min
Equilibrium Partial Partial

Multisectorial Gas/hydrogen/electricity/water Any
Renewables representation 5 blocks/week Per hour/ 15 min

Reserves predefined co-optimization
Network DC Power flow NTC/DC Power flow

Curtailment X
Shed Load

The inflow modules of the two models are different. The deterministic model (Dispa-SET) tries all possible his-
torical inflows individually. SDDP, on the other hand, uses a stochastic inflow model (periodic auto-regressive
model) that, based on the available historical data, generates synthetic inflows (mapping the unknown future
with an unlimited amount of possible inflows) in an attempt to match the inflow profile of the historical data [22].
3.4. Model mapping
In this study, SDDP and Dispa-SET models were applied to the same input dataset of the Bolivian electric
system to evaluate it for the year 2026 with the new infrastructure projects. Figure 3 presents the link between



SDDP and Dispa-SET models. In the inputs section, the parameters from SDDP are shown next to the equiv-
alent parameters of Dispa-SET, for which conversion scripts written in python were used to have an automatic
input data mapping. SDDP does the simulations of the system operation considering weekly stages with five
demand blocks (Peak, Semi Peak, Intermediate, Medium and Low). To use the SDDP database for Dispa-SET,
the weekly time step resolution was converted to an hourly resolution based on the five hourly demand blocks
(Fig. 4) approved by AETN (Autoridad de Fiscalización y Control Social de Electricidad) [23].

Figure 3: Link of SDDP databases to Dispa-SET for the input data and differences in the simulation configu-
ration and results

Three types of data mapping were done:

• 1-1: Direct mapping of power plant data.

• 1-N: Time series mapping from five blocks per week to an hourly resolution, for parameters such as
Outages and Availability factor.

• N-1: Time series mapping from five blocks per week to an hourly resolution, where the parameters
described by bus in the SDDP database, such as demand and transfer capacity, were grouped by zone
for Dispa-SET.

For Power Plant Database, besides the information from SDDP, external sources of information were needed
for the operational parameters of generation units.

Figure 4: Hourly demand blocks approved by AETN, which show in which hours and days of a week each
demand block is present [23].

Most Bolivian hydropower plants are part of a cascade system, where downstream water availability relies on



the usage of the unit upstream. Though weekly mean incremental inflow data is available, approximations of
inflows and outflows for each unit are required. Three hydro inflow approximation hypotheses were conducted:

• The first one summing the inflows of the unit above plus the external inflows to each unit.

• The second approximation was applied for units that do not have generation capacity but gather or provide
flows, using an approximation function to obtain its outflow and spillage.

• The third approximation was applied to Corani, the largest hydro dam, with 2958 storage hours. For this
unit, the outflows were considered as the average of the total yearly inflows, considering that Corani has
an almost constant generation during the year.

Approximations for each unit’s historical weather years (1979 to 2021) were computed, and a statistical analysis
was done with the expected generation of the computed inflows. For some units, the variation range between
the weather years is particularly high, for example, Sehuencas, with an absolute difference of 1.335 TWh
between the lowest and highest values. The approximation was compared to the generation plus spillage of
SDDP data for the year 2026. Figure 5 shows that SDDP generation for each hydro unit fits into the range of
the expected generation of the Dispa-SET model, proving the hydro inflow approximation hypothesis above-
mentioned.

Figure 5: Comparison of SDDP and Dispa-SET generation based on inflows

Bolivia’s SDDP simulation begins on the 1st of April, while Dispa-SET’s starts on the 1st of January. Various
parameters were influenced by the distinction in starting dates, particularly reservoir levels, alert levels, and
initial reservoir volumes. Reservoir levels were derived from SDDP runs in Dispa-SET, and the initial reservoir
volume inputted in SDDP simulations was adjusted the 1st of April in Dispa-SET.
3.4.1. Reservoir level constraints

The goal of the unit commitment problem is to minimize the total power, transportation system operational cost.
The objective function of Dispa-SET is therefore, to minimize the total generation cost over the optimization
period (Eq. (1)). In this study, the model has been expanded by the following constraints: Reservoir Alert Level
and Spillage cost by unit, as proposed in Eq. (2), where the total system cost is defined as the sum of different
cost items such as fixed, variable, ramping, start-up and shut-down, shed load, and the Cost of ”storage Alert
Level” and ”Cost of Spillage” that have been added. In this equation, ”i” stands for a subset of simulated hours
for one iteration.

minimize
i∈I

{
SystemCostRollingHorizon =

∑
i

SystemCosti + StorageLevelViolationCostsi

}
(1)



SystemCosti = FixedCosti · TimeStep + StartUpShutDownCostsi · TimeStep
+ VariableCosti · TimeStep + RampingCosti · TimeStep + CurtailmentCostsi · TimeStep
+ TransmissionCostsi · TimeStep + EnergyNotServedCostsi · TimeStep
+ CostStorageAlerti · LLStorageAlert · TimeStep + CostSpillagei · Spillage
+ CurtailedPoweri · CostCurtailment · TimeStep

(2)

The constraint Cost of Storage Alert prevents the reservoir level to go below Storage Alert Level, which will
only be violated to avoid power rationing and is set to the equal 1,1* Marginal Cost of the most expensive unit
in the system, as in proposed in (3), where ”s” is the set of all storage units (with reservoir).

StorageCapacitys·Nunitss · min (StorageAlertLevels,i , AvailabilityFactors,i )
≤StorageLevels,i + LL StorageAlerts,i

(3)

3.5. Simulation configuration
To consider different future possibilities based on water availability, 43 simulations were run in Dispa-SET.
Each simulation reflected the inflows from a different historical weather year (1979-2021). During the historical
weather years, 1984 was the wettest year, and 2016 was the driest (Fig 6). In Dispa-SET, all units are consid-
ered individually for each hydro plant to be observed in the results. The constraint ”Reservoir Alert Level” is
considered in both models for particular hydro dams such as Corani, Miguillas, Angostura, Zongo, San Jacinto
and Misicuni.

Figure 6: Annual variability (percentage deviation from the mean) of inflows in the 43 climate years. The size
of the triangles indicates the inter-annual variability, the direction highlights the increase or decrease compared
to the mean, and the colour indicates the intra-annual variability.

From a computational point of view, the variability of the inflows (from 1979 to 2021) directly impacts the
simulation times. The simulation time was ranged from 2 hours up to 25 hours for the year 2001, which is the
year with excessively high inflows that might not be historically accurate.

4. Results and Discussion
This section presents the expected configuration of the Bolivian electric system for the year 2026. All new
VRES and hydro projects are included.
4.1. Energy mix
Figure 7 shows the share of renewable generation for 2026 from all the simulations ordered from the highest to
the lowest share of renewable generation. Bolivian electricity production from renewable energy is expected to
range between 45.9 % and 65.2 % in 2026. The share of renewable energy in Bolivia in the Stochastic model
is 59%, which fits in the range of Dispa-SET share. The North zone is expected to have the highest share
of renewable generation with 98 % due to the new hydro projects planned to be installed in this zone. The
Central zone is expected to share between 60.3 % to 79 % of renewable energy. Oriental and South zones are
expected to still rely more on natural gas to produce electricity than renewable energy. Despite the connections
between zones, Bolivia is expected to still depend on natural gas to generate electricity.
In the Bolivian electric plan 2025, VRE was planned to reach 74 % of the total production. From the probabilistic
results of the MILP model, it can be seen that with the addition of new power plants, VRE could reach between



45.9% and 65.2 % of the total generation, where biomass is excluded, whereas, in SDDP the VRE share
represent 59%.

Figure 7: Generation mix and renewables share for the considered climate years of Bolivia and by zone for
2026 from the 43 simulations results, ordered by the share of renewable generation. White lines indicate
minimum and maximum shares of renewable generation.

The difference in the total hydro generation between SDDP and Dispa-SET (an average weather year) is 5 %,
the Central zone has a difference of 0.1%, the North zone has a difference of 11%, and the South zone has
a difference of 7 %. The hydro units with the highest impact on the total generation are Sehuencas, Palillada
and Santa Isabel, with a share of 14.5%, 10.6% and 9.3% of the total generation, respectively.
4.2. Power dispatch
The year 2026 power dispatch was analyzed per zone using inflows closest to the average weather year (Fig
8). Bolivia experiences dry months from May to October when the electric system relies on thermo-electric
units. During the wet season (December to April), North and Central zones primarily utilize hydroelectric
plants. In the dry season, the Central zone uses gas and hydro plants, exporting energy throughout the year
to the North, Oriental, and South zones. Conversely, the North zone imports energy during the dry season
but exports during the wet season due to hydroelectric production. Oriental and South zones import energy
during the wet season but generate electricity from natural gas in the dry season. While the Oriental zone can
export its gas-generated production, the South zone still needs to import energy. In all zones, the grid is stable,
and there is no congestion in the transmission lines. As for the reservoir levels, they are filled during the wet
season.
4.3. Reservoir Levels and generation
The largest Bolivian hydro dams in the Central zone are Corani (with 2958 storage hours), Misicuni (with 2779
storage hours), Miguillas (that will be implemented by 2026 with 1072 storage hours), Angostura (with 525
storage hours), Sehuencas (a new power plant with 257 storage hours); and in the South zone is San Jacinto
(with 730 storage hours).
The variation in water supply affects these units’ generation, reservoir level and spillage. Simulations results
for all these units are presented in Fig. (9), where the black line is the median of the results of all the historical
data, the regions with darker colour show that 20% of the results are in that range. The lighter colour shows
that 100% of the results are in that range. From the inflows plots, it can be seen that for some years, the inflows
are extremely high compared to the median, which indicates the long simulation time, which for some years
took up to 25 hours.
The Reservoir levels were compared between the two models. SDDP reservoir level results are plotted as a
grey dashed line. The reservoir alert level was included as a solid red line. The inflows are higher during the wet
season, and reservoir levels do not go below the reservoir alert level. Sehuencas hydroelectric plant does not
have an alert level, but its reservoir level follows a similar tendency to SDDP results. Angostura hydroelectric
plant has an alert level and a defined volume for the 1st of April (green cross). For this unit, the reservoir level
of SDDP is higher than the median of Dispa-SET in the dry season. However, it’s still in the range of the results



of Dispa-SET. The reservoir level of Miguillas hydroelectric plant follows a similar tendency to SDDP. Corani
reservoir level in SDDP simulation goes up from 0,3 to 0,54 the last week of December. However, given the
available inflows, this would not happen, so for this unit, Dispa-SET results are more reliable.

Figure 8: Power dispatch by zone for 2026 based on an average year (2003). The red vertical lines show the
limits for the dry season, from April to December

Figure 9: Inflows, Generation and Reservoir Levels from the 43 runs for the biggest hydro dams of Bolivia.



The maximum generation variation range between the weather years was found for Sehuencas, with an ab-
solute difference of 0.941 TWh between the lowest and highest generation (for years 2020 and 1985, respec-
tively). The difference in SDDP generation related to the weather years is 44% compared to the lowest value,
5.7% compared to the median, and 53% compared to the highest value.
4.4. Spillage
Spillage results for both models were compared (Fig.10). Dispa-SET’s range of spillage for 43 years is shown
in a boxplot for each unit, while blue dots represent SDDP’s spillage results. The spillage results from SDDP fit
into the range of the results obtained in Dispa-SET. The units Kanata, Zongo, Tiquimani, Kilpani and Punutuma
in Dispa-SET do not have any spillage for any year, while in SDDP, there is some spillage. The variation range
between the weather years is exceptionally high for Sehuencas, with an absolute difference of 0.54 TWh
between the lowest and highest values. The difference in Sehuencas’ SDDP spillage related to the weather
years is 100% compared to the lowest value, 15.6% compared to the median and 260% compared to the
highest value.

Figure 10: Spillage comparison for 2026 from SDDP (blue dots) and Dispaset (boxplot)

4.5. Water value
The expected marginal value of water, referred as storage shadow price, expresses the opportunity cost of
water [24]. Figure 11 shows the Storage Shadow price for the main hydroelectric dams for a wet year (1984),
a dry year (2016) and an average year (2003). The storage shadow price, dependent on the water value, is
higher in the dry season than in the wet season. For the wet year, the Corani storage shadow price reaches
1500 from September to December, while in the dry year, the price reaches that value one month earlier.
Comparing this with the reservoir level (9), the median reaches the lowest level in September. For San Jacinto,
the shadow price is higher in December when the reservoir level reaches a lower value. In general, for the dry
year, a high shadow price is present during more hours than the wet and average year since water availability
is lower.

Figure 11: Storage shadow price for the main hydro dams a) for a wet year (1984) b) for a dry year (2016) c)
for an average year (2003)



5. Conclusions
The article compares the results obtained by two model formulations, SDDP and MILP, applying the same input
data and constraints to analyze the Bolivian electric system to 2026. In the MILP formulation, 43 simulations
were done to obtain probabilistic results since the Bolivian electric system is highly dependent on hydropower,
and its generation varies during the year and year by year. These results were then compared with SDDP.
The novelty of this work is the probabilistic way to show the likelihood of certain events happening, such as
the distribution of the State of charge (SOC) for each hydro dam, dispatch of each hydro unit, spillage and
generation distribution.
The automatic input data mapping from SDDP to the MILP model was successfully implemented. For the
inflows of hydroelectric power plants in a cascade system, an approximation was made for each unit for all the
historical weather years. We show that SDDP values are within the MILP model range. Furthermore, in the
objective function of the MILP model, constraints have been added for the reservoir level (reservoir level alert)
and the spillage cost.
Simulation results indicate that the two models’ power generation is in the same range. The maximum variation
ranges between the weather years are found for the Sehuencas hydropower plant, which is the unit that has
the highest impact on the power system, comprising 14.5% of the total generation. The maximum generation
variation between the weather years for Sehuencas is 44% compared to the lowest generation value, 5.7%
compared to the median and 53% compared to the highest generation.
The reservoir levels obtained in the probabilistic results follow a similar tendency to the reservoir levels of SDDP,
except for some minor deviations, especially in small units with low storage hours. Spillage from SDDP falls
between Dispa-SET ranges. Sehuencas power plant has the maximum spillage variation ranges between the
weather years. The difference in Sehuencas’ SDDP spillage related to the weather years is 100% compared
to the lowest spillage value, 15.6% compared to the median and 260% compared to the highest spillage value.
The MILP and SDDP formulations can be used as complementary models for decision-making on the Bolivian
electric system operation, taking advantage of their strengths and compensating for their limitations. SDDP has
a greater detail in the representation of the electric network, and it takes into account uncertainties of the input
parameters. Incontrast, the MILP formulation has a higher time resolution that can provide a more detailed and
accurate resolution for renewable energy and has probabilistic results that provide statistical analysis. Low-
resolution models, like SDDP, may exhibit deviations from more detailed modelling, especially for renewable
systems, not considering the dependency of VRE on weather conditions that vary throughout the day. On the
other hand, high-resolution models capture the system’s dynamic due to the change in weather conditions.
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[16] M. de Hidrocarburos y Energı́a, “Plan eléctrico del estado plurinacional de bolivia 2025,” 2014.

[17] E. Transmisión, “Memoria anual 2021,” 2022.

[18] R. A. Rojas Candia, S. L. Balderrama Subieta, J. A. Araoz Ramos, V. Senosiain Miquélez, J. F. H.
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Abstract:
Energy is vital to reduce poverty and improve social and economic development. For more than a century,
modern economies have based their growth on fossil fuels, which has led to global warming, environmental
pollution, and social problems. In accordance with the Paris Agreement (2015), governments have committed
to evaluating their energy systems to seek appropriate solutions to support their decarbonization and keep
global warming well below 2oC. In order to achieve this objective, developing countries are making considerable
efforts, among which is considered a shift to the use of renewable energy sources to satisfy their growing
demand. Despite the current development and planning for the sector, there is room for improvement within
the long-term planning and evaluation of energy systems. This paper analyses the difference between fossil-
based and renewable-based growth in terms of economics, technical and environmental effects in Bolivia. To
do so, all the country’s energy sectors, including electricity, heat, and mobility, are covered and optimized
through the open-source energy system modeling framework EnergyScope. Results showed a sustainable
energy scenario in 2035, which accounted for 66% of renewable share and 44.64 e/tCO2-eq. related to a
compensation value for the difference with the business-as-usual scenario based on future government plans.
This work demonstrated that a Bolivian energy system with a high share of renewable resources is possible,
leading to energy sovereignty addressing climate change.
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1. Introduction
Poverty reduction, industrial activities, and improvement of education and healthcare services are strongly
related to the energy a society can consume. Nonetheless, the availability of energy supply is not the only
objective, but also to achieve sustainability to maintain an ecological balance, social equity, and economic vi-
tality [1]. The use of fossil fuels has led to global concern about the emissions of greenhouse gases (GHG).
Therefore, one hundred and ninety countries have pledged to the Paris Climate Agreement to limit the global
average temperature increase to 1.5°C or well below 2°C and have established clear goals to be fulfilled by
the years 2030 and 2050 [2]. Decarbonization exploits pressure on all nations globally, but even more low and
middle-income countries, which in most cases, have planned to rely on fossil fuels to achieve development [3].
Although Bolivia possesses a relatively low contribution to global GHG emissions (0.21% of the total 48.6
GtonCO2eq registered in 2021) [4], it was the 43th country with the highest emissions per capita in 2021 (9.6
tonCO2eq/person) [5]. Thus, Bolivia has signed the agreement and is putting significant efforts to meet the
commitment and also become a primary net exporter of electricity in South America [6].
According to the information provided by the Ministry of Hydrocarbons and Energy (MHE), Bolivia’s total pri-
mary energy supply (TPES) in 2021 was 202.9 TWh, based mostly on fossil fuels (80.7% and 11.9% of the
energy coming from fossil gas (FG) and oil, respectively). From this value, 58% corresponded to gas export
(117.4 TWh) [7]. Related to other sources, such as biomass, hydro, solar, and wind energy, reached 7.4%.
Similarly, the power sector has relied heavily on fossil gas for the last two decades. The Bolivian power grid
is divided into the National Interconnected System (SIN) and the Isolated Systems (SAs). For instance, the
country’s total installed electricity generation capacity was 3.72 GW for 2021, of which 71.03% comes from
thermoelectric power plants, 20.36% from hydropower plants, and 8.60% from other renewable sources such
as wind energy and photovoltaic systems [6]. Moreover, fossil fuel-based electricity generation is subsidized
by approximately 46.63 e/MWh for diesel [8], and 3.95 e/MWh for FG (Supreme Decree No. 29510) [9]. In
this context, the government has established policy guidelines, including universal electricity access, reducing
the consumption of petroleum derivatives, and increasing renewable energy use for electricity generation [10].



Nevertheless, most of Bolivia’s energy objectives and projections are based on 2007 statistics and extend un-
til 2030. Recent expansion plans for the sector are described in the Patriotic Agenda for 2025 [11] and the
update of the Intended Nationally Determined Contribution (INDC) [2]. For instance, the Electrical Plan of the
Plurinational State of Bolivia (PEEBOL2025) presented by the MHE stipulated the installation of 183 MW of
renewable energy by 2025 [12], and the Alternative Energy Development Plan (PDEABOL2025) included a
simple estimation of the renewable energy potential of the country [13]. Recent projections from the National
Electricity Company (ENDE) indicate that 74% of the newly installed and existing capacity will be hydropower
(Hydro dam and hydro run-of-river), 4% other renewable, 12% combined cycle plants, and 10% thermal power
plants. Nonetheless, only the SIN is accounted for in these forecasts. So, electrification plans for rural commu-
nities that cannot be included in the SIN are also required [12].
Furthermore, Bolivia aims to become an electricity exporter to neighboring nations. With the new large hy-
dropower capacity inclusion, the electricity exports could account for up to 21% of total electricity exports in
South America [14]. Besides the estimated hydroelectric potential of 39.86 GW related to the watercourses of
the large rivers that surround Pando, Beni, and the strip that goes from the Yungas of La Paz in the north of
the country to Tarija in the south, Bolivia holds a high RE potential, which is distributed throughout its territory.
Thus, the country has a high solar energy potential due to its position south of the equator line and high alti-
tude above sea level (higher than the international solar radiation average). Practically, 97% of all the national
territory is suitable for solar energy, and the remaining 3% have been identified as areas of dense cloudiness
located to the east of the Andes region [15]. According to Bolivia’s Atlas of global solar radiation, the existing
solar radiation in the country’s lowlands (Santa Cruz, Beni, Pando, and north of La Paz) reaches a maximum
of 5.1 kWh/m2/day. At the same time, in the sector of the valleys (Cochabamba, Chuquisaca, and Tarija), this
value can vary between 5.1 and 6.7 kWh/m2/day and in the Altiplano (La Paz, Oruro, and Potosı́), the radiation
is between 6.7 and 9.5 kWh/m2/day [16]. The most robust wind resource is located in the southern and western
regions of the department of Santa Cruz, in the southwestern sector of the department of Potosı́, in a strip to
the west and south of La Paz and Cochabamba [17]. Furthermore, twenty-one potential geothermal resources
have been detected in the country’s western mountain range, eastern mountain range, and Altiplano, near the
departments of Potosı́, Oruro, and La Paz [15]. Significant biomass resources are available in the country,
likewise. For instance, forest biomass such as firewood and logs can be extracted in the Amazon region prin-
cipally. In 2005, Bolivia possessed a wood stock of 317 million m3 in its forested area. It was estimated that
the sustainable production capacity of the Bolivian forest was 20 million m3 of wood stock per year [15, 18].
Due to the country’s unique natural circumstances, Bolivia produces various agricultural products. According
to the agricultural census conducted by the National Institute of Statistics, the six most important crops grown
in Bolivia are sugarcane, soy, sorghum, corn, rice, and sunflower, with the Department of Santa Cruz being the
primary producer [19]. Morató et al. estimated that approximately 3.7 Mton/year of sustainable biomass on a
dry basis is available in Santa Cruz [20]. Even though agricultural and forest residues are abundant in Bolivia,
they are not utilized as a low-cost energy source to increase the proportion of renewable energy in the energy
mix and reduce fossil fuel consumption.
The Bolivian energy sector is the second largest contributor to the country’s GHG emissions (After agriculture,
forestry, and other land uses). Although the country lacks rigorous emissions reduction targets, the INDC, pre-
sented by the authorities to United Nations Framework Convention on Climate Change (UNFCCC), projected a
decrease in GHG emissions from 0.41 tonCO2eq/MWh in 2015 to 0.04 tonCO2eq/MWh in 2030 in the country’s
power sector [2, 21]. Additionally, the Global Climate Risk Index (IGRC) of 2021 ranked Bolivia as the most
affected and the tenth most vulnerable country in the world [2]. This highlights Bolivia’s need for strategic en-
ergy policies and carbon reduction goals to protect its most vulnerable communities and rich biodiversity. Thus,
the energy system will allow renewable energy (RE) to be competitive, cope with subsidies, and deal with the
absence of negative GHG emission pricing. Therefore, the focus of this study is to model a fully sustainable
transition for Bolivia across all energy sectors and assess the feasibility of such a transition in terms of eco-
nomics, technical and environmental effects to help shape future Bolivian society’s energy behavior and reach
the objectives for a long-term sustainable energy system with low-carbon emissions. The remainder of the pa-
per is structured as follows. Section 2 describes the methods of the EnergyScope model. Section 3 presents
the current Bolivian energy system and information about resources, demand, and technologies. Section 4
provides results by sector for each scenario. These results and main limitations are discussed in Section 5.
The main conclusions are summarised in Section 6, then recommendations for future works are made.

2. Methods
The present research relies on EnergyScope TD, a bottom-up linear programming modeling framework for the
long-term planning of energy systems, including a high share of RE and representing the heating, mobility, and
electricity sectors equally [22]. It has already been applied to develop energy transition scenarios for European
countries such as Switzerland [22, 23], Belgium [24], Italy [25], as well as Uganda [26]. Given demands in
the different sectors and resources, the model identifies a design and an hourly operation optimisation of



the conversion technologies to minimize the overall system cost, considering a constraint on greenhouse gas
emissions. The main input data of EnergyScope TD are founded on three elements: resources, technologies
(energy conversion, storage and infrastructure), and demand, as depicted in Fig. 1. Furthermore, it involves
typical days (TD) to reduce the computational time (around one minute on a personal laptop) while keeping a
simple and straightforward formulation. The reconstruction method by Gabrielli et al. enables consideration
of seasonal phenomena [27]. In this application, twelve TDs have been used, which was shown to be a
good trade-off between accuracy and computation time [24]. Moreover, the version utilized is the one that
corresponds to Limpens’ thesis [26]. Even though the original model accounted already for more than 100
options for technologies, resources and demands, an adaptation was required for the present study. The main
additions were:

• Resources: Liquefied petroleum gas (LPG).
• Demand: Heat demand for cooking.
• End-use categories: Cooking and mobility freight air.
• Technologies: Open cycle gas turbine (OCGT), diesel genset, biomass combustion power plant, syngas

combustion power plant, firewood stove, LPG stove, FG stove, oil stove, electric stove, aircraft, biomass
fermentation to bioethanol, esterification to biodiesel, diesel engine, LPG burner and gasoline bus.

Figure 1: Conceptual representation of an energy system: Resources are converted by technologies to supply
end-use type (EUT) demands related to electricity, mobility, and heating. Layers, such as Electricity and Heat,
require to be balanced in each period. This figure is inspired from [22].

3. Case study: Bolivia
This section presents an overview of the Bolivian energy system based on the last national energy balance
presented by the Ministry of Hydrocarbures and Energy (MHE) for the year 2021 [28,29], and the main techno-
economic information to perform the optimisation for the year 2035.
3.1. Demonstration for the year 2021
Primary energy consumption in Bolivia for the year 2021 reached 94.28 TWh, with an approximate population
of 11.84 million inhabitants [30]. Regarding sources, fossil fuels (FG, diesel, gasoline, LPG, and light fuel oil
(LFO)) represented 87.0% of the country’s final energy demand. In this context, the participation of renewable



energy sources was limited to less than 14% of the total: wet and woody biomass with 9.1%, hydropower with
3.4%, and others (solar and wind) with a proportion of 0.5%. This data was assembled and summarized in a
Sankey diagram, Fig. 2.

Figure 2: Energy flows of the modeled Bolivian energy system for 2021 (Units: TWh). The left side integrates
all the resources while the right side retrieves the final energy consumption. The conversion technologies are
in between. Energy exports are not represented. Abbreviations: mobility (mob), private (priv), electricity (Elec),
liquefied petroleum gas (LPG), light fuel oil (LFO), industrial (Ind), domestic hot water (HW), low temperature
(LT), high temperature (HT), importation (Imp), production (Prod).

As shown in Fig. 2, the present landscape of energy utilization in Bolivia could be divided into electricity,
transport, and heat. The electricity generation was mainly covered by gas turbines (open-cycle and combined-
cycle technologies), which represented around 59.7% of the total amount, followed by hydropower (29.7%),
biomass (4.2%), photovoltaic (3.2%), diesel gensets (2.1%), and wind (1.1%) [6, 29]. The mobility sector was
split into public transport with diesel, gasoline, gas buses, and electric aerial tramways. On the other hand,
private transport comprised light vehicles fueled by gasoline, diesel, fossil gas, and electricity [31, 32]. Trucks
contributed the most to freight transportation. Still, there were also rail, boat, and air transport options. Heat
use was subdivided into three major demands: cooking, domestic hot water (HW), high-temperature heat (HT)
from industrial processes such as manufacturing (foods and beverages, textiles, no metallic, and metallic),
cement production, mining, and quarrying [31]. Residential and commercial cooking demand in Bolivia was
mainly based on LPG (approximately 73.6%), followed by fossil gas (23.2%), woody biomass (2.5%), electric
(0.4%), and LFO stoves (0.3%). A division between cooking in rural and urban areas was made, as the
gas network does not cover the entire country. Likewise, the industry also relied on FG [28]. Overall, the
EnergyScope TD model accurately portrayed the final energy consumption (FEC) of the Bolivian energy sector
and its associated GHG emissions for the year 2021. The assessment of the present state of the system
revealed 94.19 TWh/y in terms of primary energy consumption, differing only 0.1% from the country’s energy
balance [28]. Similarly, regarding CO2 emissions related to the energy sector and waste, the model calculated
24.51 MtCO2-eq./y whereas CAIT country greenhouse gas emissions reported 23.17 MtCO2-eq./y [4,33,34].
3.2. Scenario in 2035
Due to a vast array of modern technologies and a rapid expansion of the economy, the energy system of
Bolivia may undergo significant changes. So, this section presents the resources and technology potentials
and forecast demands for Bolivia in 2035, a period that allows for substantial transformations yet close enough
to know the available technologies at that time.
3.2.1. Energy resources

The resources available for the Bolivian energy system could be divided into fossil and renewable.
3.2.1.1 Fossil resources
Bolivia holds FG reserves (2 729, 1 009, and 1 485 TWh of proven, probable and possible reserves in 2018)
[29]. Furthermore, the economy of the country relies to a great extent on fiscal revenues and tax collection
from FG exports. In 2021, nearly 72% of its total FG production was exported (75.45 and 48.22 TWh of FG
to Brazil and Argentina, respectively). Those accounted for 20.5% of Bolivia’s total exports (around 1 924



Me) [35]. Nonetheless, oil extraction is limited (14.09, 89.00, and 220.25 TWh of crude oil, natural gasoline,
and condensate proven reserves in 2018, respectively) [29]. Consequently, the government has to import
diesel, gasoline, and other oil-based products. Since 2001, Bolivia has subsidized those fuels in the energy
sector, intending to pass on affordable prices (46.63, 53.48, 35.45, 3.95 e/MWh related to diesel, gasoline,
LFO and FG subsidized prices, respectively) [36]. For comparison, the prices used in this article correspond
to the ones without the subsidy (Table 1). Moreover, the estimated prices of fossil fuels for the horizon of 2035
in Bolivia are based on the projection of the U.S. Energy Information Administration (EIA), expressed in the
reference case of the Annual Energy Outlook 2022 (153.91, 163.21, 139.10, 15.03, 33.27 e/MWh for diesel,
gasoline, LFO, FG, and LPG, respectively) [37].
3.2.1.2 Renewable resources
Renewable energies are essential to the energy transition; consequently, their deployment is crucial. Real
weather data and scaled inflows were used to model solar, wind, and hydro resources to account for temporal
variations in availability. For each hour, average capacity factors for wind and solar were computed using the
open-source Renewables Ninja database [38–40]. For hydropower plants, hourly water inflows were used.
The Electric Load Dispatch Committee (CNDC) supplied these hydrological data; values are publicly available
in [41]. The biomass and waste yearly resources could be summarized as follows: 17.81 TWh of wet biomass
from agricultural residues [42], 5.2 TWh of wet biomass from the 2010 approximated value of organic municipal
solid waste [30,43], 4.5 TWh of wet biomass used to generate electricity in 2021 [29], 5.7 TWh of wet biomass
used to reach the maximum volume mentioned in the agreement by the government and the bioethanol pro-
ducers until 2025 [44], 1.2 TWh of wet biomass from elephant grass of the two future biomass power plants
planned by the government [45] and 28.6 TWh of wet biomass from the three future biodiesel production fa-
cilities planned to be built until 2025 [46]. Unfortunately, no information about woody biomass resources such
as forest residues has been reported. So, only firewood for cooking was considered in this article, accounting
for the sustainable production of wood as a limit [18]. The potential geothermal estimates were determined ac-
cording to Gawell et al. [47], besides the planned Laguna Colorada geothermal power plant, which is currently
a pilot plant [48]. Table 1 summarizes the resource potential described previously.

Table 1: Energy resources and their potential.

Sources TPES in 2021
(TWh)

Availability
(TWh/y)

Price in 2021
(e/MWh) References

Fossil
fuels

Gasoline 18.54

(no limit)

124.12

[29]
Diesel 21.72 111.31
LFO 1.07 85.12
FG 34.43 10.66
LPG 6.03 21.58

Biomass Woody 0.78 150 16.98 [18,29]
Wet 2.07 63 10.32 [29,30,42–46]

3.2.2. Energy demand

The Latin American Energy Organization (OLADE) published a report offering future energy projections of the
Andean zone. Those numerical values included the yearly FEC by fuel based on future expansion plans of
the energy sector, energy balances, and gross domestic product (GDP) growth of Bolivia, Colombia, Ecuador,
Perú, and Venezuela until 2050 [49]. The yearly end-use demand (EUD) was estimated and used as an input
parameter in the model based on this final energy demand. Besides, cooling demand was not specified due to
the lack of information on the consumption of residential, commercial, and industrial subsectors. Nonetheless,
as in other developing countries, refrigeration, food conservation, and air conditioning (AC) requirements in
Bolivia are usually covered by electricity [50]. Therefore, it is already included in electricity demand. For
instance, AC is seldom used in the households of the Altiplano and the valley regions. On the other hand,
electric fans and AC systems utilizing liquid refrigerants are commonly employed in the country’s lowlands
urban areas. These can account for up to 40% of the total energy demand in an urban household in Santa
Cruz during a hot summer day [51, 52]. Moreover, commercial and home refrigerators and other complex
industrial systems in the country usually comprise electric compressors [50]. Table 2 illustrates the differences
between the end-use demand in 2021 and 2035.



Table 2: Comparison of energy end-use demand for 2021 and 2035. Abbreviations: temperature (Temp.),
passenger (pass.), tons(t).

Units 2021 2035 ∆ References

End-use
demand

Electricity (TWh) 7.2 10.1 +2.9

[28,49]

Heat High-Temp. a (TWh) 14.5 19.9 +5.4
Heat Low-Temp. a (TWh) 1.8 2.5 +0.7
Cooking a (TWh) 5.1 6.9 +1.8
Mobility pass. a (Gpass.-km) 73.7 101.0 +27.3
Freight a (Gt-km) 15.5 21.2 +5.7
Non-energy a (TWh) 1.8 2.4 +0.6

a In [49], the FEC is provided instead of the EUD; hence own calculations were per-
formed to estimate these values.

The forecast given in Table 2 shows an increase in all types of demands of around +37%. Electricity increase
was the most important (+42%). The increase in energy demand was related to the projected economic growth
of the country at an average annual GDP growth of 2.7% since 2024 [49] and the population growth with an
average rate of 1.33% for the 2020-2040 period [53]. In addition to yearly demands, an hourly time series is
used to dispatch the variable demand over the year. Thus, the electricity demand series was obtained from
CNDC [54], and the mobility demand was adapted from [55].
3.2.3. Energy technologies

The technologies utilized in this study can be divided into three categories: conversion, storage, and network.
Conversion refers to transforming one energy carrier into another with conversion efficiency. Storage devices
can store energy over time, characterized by input/output efficiency and losses. Lastly, networks permit the
transport of certain energy carriers across the nation, such as the gas or electrical grid. The networks are
characterized by transmission losses. In this case, the one for the electricity grid is set at its historical value
of 17.2% [28,29]. Future technologies were based on local commercial availability [51,53], government plans,
and trends in Bolivia, so hydrogen-based, carbon-capture, heat pumps, and seasonal storage technologies
were not considered. Table 3 shows different technologies’ installed capacity and potential.

4. Results
In the following section, the model was applied to prospect the energy system at the horizon of 2035. The data
used were listed in Section 3.2. First, the Business As Usual (BAU) projected scenario based on the future
power plants [12] and biodiesel production facilities [61], planned by the government until 2025 was presented
4.1.). Then, a renewable-based scenario was proposed and compared to the BAU one (see 4.2.).
4.1. Business As Usual (BAU) case
The Business As Usual case was based on the characterization of the Bolivian energy system without GHG
constraints, leading to a scenario without considering major changes in consumption trends or policies that
alter the behavior of the system components. Hence, a minimum capacity for power plants, the technologies for
producing biodiesel and bioethanol, and the share between the different mobility technologies were maintained.
4.1.1. Major trends in energy consumption

Optimisation results stated a FEC of 142.08 TWh per year, representing an increase of 50.8% compared to the
year 2021. Figure 3 illustrates the energy balance over the year 2035 from primary to final energy consumed for
this solution. As can be seen, the system still relied heavily on FG (around 42.9% of the total demand), which
was consistent with the regional policies of extraction, production, and use of this resource. Furthermore, the
national reserves were sufficient to supply the mentioned demand besides the significant growth and the export
volumes of the current contracts (Approximately 2 619.1 TWh of total gas demand from 2021 to 2035). Related
to renewable resources, there was a massive increment of biomass to produce biodiesel and bioethanol in this
scenario according to the government plans. Regarding GHG emissions, the system produced 25.74 MtCO2-eq.
(around 1.81 tCO2-eq. per capita), during its yearly operation, which represented a 5.0% increase compared to
the system of 2021, and 66% smaller than the Belgian cost optimum BAU scenario for 2035 [24].
4.1.2. Power sector

Electricity generation was dominated by hydro dam power plants (6.24 TWh), followed by combined cycle gas
turbines (3.34 TWh), Photovoltaic plants (PV) (1.75 TWh), geothermal plants (0.80 TWh), wind turbines (0.61
TWh), hydroelectric run-of-river power units (0.30 TWh), open cycle gas turbines (0.27 TWh), and bioenergy
steam turbines (0.51 TWh). Aside from the planned power plants established in PEEBOL2025, only one



Table 3: Installed capacity of technologies and their potential.

Technology Capacity
in 2021

Initial capacity
in 2035 Max. Potential References

Electricity
generation

(GWelec.)

Combined cycle gas turbine 1.05 1.05
(no limit) [6]Open cycle gas turbine 1.06 1.06

Diesel genset 0.47 0.47
Photovoltaic 0.17 0.18 40 000 [6,12,56]Onshore wind 0.13 0.21 260
Hydro run-of-river 0.03 0.07 39.9 [6,12,57]Conventional hydro dam 0.71 2.34 39.9
Biomass steam turbine 0.15 0.19 0.85 [6,45]Syngas steam turbine 0.001 0.001 0.32
Geothermal 0 0.10 0.89 [12,47,48,58]

Heat
generation
(GWthermal)

Boiler gas (Industry) 0.97 0.97

(no limit)
[6,28]

Boiler woody biomass (Industry) 0.63 0.63
Boiler oil (Industry) 0.002 0.002
LPG burner (Industry) 0.02 0.02
Diesel engines (Industry) 0.18 0.18
Boiler gas (HW) 0.005 0.005
Electric shower (HW) 0.20 0.20 [6,52]
Solar thermal (HW) 0.007 0.01 [6,28,59]

Cooking
(GWthermal)

Firewood stove 0.01 0.01

(no limit) [6,28]
LPG stove 0.42 0.42
FG stove 0.13 0.13
Oil stove 0.002 0.002
Electric stove 0.01 0.01

Mobility
(Gpass.-km)

(Gt-km)

FG bus 1.3 1.3

(no limit) [29,32,60]

Diesel bus 1.5 1.5
Gasoline bus 2.5 2.5
Aerial tramway 0.4 0.4
Electric car 0.05 0.05
FG car 16.5 16.5
Diesel car 19.6 19.6
Gasoline car 32.0 32.0
Diesel train freight 0.2 0.2
Diesel boat freight 0.02 0.02
Diesel truck 13.2 13.2
LFO aircraft 2.1 2.1

Storage
(TWh) Battery of electric vehicles 0.01 0.01 (no limit) [29]

energy technology represented a cost-effective solution and experienced an increment. PV installed capacity
rose from 0.18 GW to 0.88 GW.
4.1.3. Heat sector

Heating demands (HW, HT, and cooking) were projected to increase from 21.40 TWh in 2021 to 29.32 TWh in
2035. Regarding HT demand, gas-based heating remained nearly the sole technology (Almost 99.9% of total
demand). HW demand was provided by gas boilers (with 99.2%) and solar thermal (around 0.8%). The latter’s
share was based on the current installation ratio of these technologies in Bolivia (500 systems/y), according
to Noël [59] and Fernandez [52]. Finally, the cooking demand was covered by FG (68.4%), electric (16.2%),
and LPG stoves (15.4%) in the urban areas and by FG (81.7%) and LPG (18.3%) in rural areas. Moreover,
biomass and kerosene stoves were reduced from the solution, covering only 0.1 MWh of the cooking demand.
The share of the different fuels used for cooking was projected based on the information presented by the
National Statistics Institute of Bolivia (INE) in 2021 [62].
4.1.4. Transport sector

The final energy demand for public and private passenger transportation was based on FG (42.5%), gasoline
(34.1%), diesel (20.9%), and electricity (2.4%). Moreover, electric tramways for public transport showed an



Figure 3: Energy flows of the modeled Bolivian energy system for 2035 BAU scenario (Units: TWh). The left
side integrates all the resources while the right side retrieves the final energy consumption. The conversion
technologies are in between. Energy exports are not represented. Abbreviations: mobility (mob), private (priv),
electricity (Elec), liquefied petroleum gas (LPG), light fuel oil (LFO), industrial (Ind), domestic hot water (HW),
low temperature (LT), high temperature (HT), importation (Imp), production (Prod).

increase. Those technologies resulted in an installed capacity of 0.81 GW. On the other hand, fossil fuels
technologies (FG, diesel, and LFO) almost completely covered freight transport demand (63.2%, 23.0%, and
13.8% of diesel vehicles, FG vehicles, and aircrafts, respectively). Furthermore, freight share was 85.0% of
transportation by road, 13.8% of transportation by air, 1.1% of transportation by rail, and 0.1% of transportation
by boat. Even though the demand for liquid fossil fuels was considerable, approximately 12.7% of all gasoline
and 38.3% of all diesel were produced from biofuels such as bioethanol and biodiesel.
4.2. Renewable energy (RE) case
In this scenario, the system was simulated considering the minimum GHG constraint that allowed finding a
feasible optimisation solution, determining whether total growth based on renewable resources was achievable,
and seeking a low carbon emission case.
4.2.1. Major trends in energy consumption

In contrast to the BAU scenario, the system depended on biomass as the principal primary energy source
(40.5 TWh and nearly 29.5% of TPES). Nonetheless, biofuel production remained the same due to a lack
of information on the maximum production limit. For instance, the government created a program in 2022 to
promote oil production of oil species such as African palm, jatropha, macororó, and soybean (Supreme Decree
No.4764). Those energy crops are expected to be farmed, reaching an approximate production of 638 344 m3/y
of biodiesel [63]. Moreover, an agreement with local ethanol producers has established a maximum purchase
of 380 000 m3/y of bioethanol by 2025, an amount which will be used as blended fuel with gasoline (Law No.
303/2017-2018) [44]. As shown in Figure 4, FG was still present but reduced (around 78.7 % less than the
BAU scenario). Regarding CO2 emissions, the system produced 12.50 MtCO2-eq./y, representing a 49% of
decrement compared to the 2021 case.
4.2.2. Power sector

Electricity generation was dominated by PV (25.03 TWh), followed by wind turbines (15.75 TWh), hydro dam
power plants (6.54 TWh), geothermal plants (2.38 TWh), bioenergy steam turbines (1.93 TWh), and hydroelec-
tric run-of-river power units (0.31 TWh), and limited production of combined cycle and open cycle gas turbines
(2.66 MWh). In terms of total installed capacity, PV arrays reached 12.70 GW, wind power 4.98 GW, bioenergy
steam turbines 0.65 GW, and geothermal plants 0.30 GW.
4.2.3. Heat sector

The energy supply for the heat sector was extensively electrified. To illustrate, HT demand was based on
direct-electric heating (around 77% of total demand), followed by gas boilers (23%). Also, the HW demand



Figure 4: Energy flows of the modeled Bolivian energy system for 2035 RE scenario (Units: TWh). The left
side integrates all the resources while the right side retrieves the final energy consumption. The conversion
technologies are in between. Energy exports are not represented. Abbreviations: mobility (mob), private (priv),
electricity (Elec), liquefied petroleum gas (LPG), light fuel oil (LFO), industrial (Ind), domestic hot water (HW),
low temperature (LT), high temperature (HT), importation (Imp), production (Prod).

was provided by electric heating (99.2%), and the rest corresponded to solar thermal (around 0.8%). Finally,
the cooking demand was almost completely covered by electricity in urban and rural areas.
4.2.4. Transport sector

Regarding the transport sector, there was a limited electrification share. The mobility demand for public and
private passenger transportation was covered by gasoline (34.1%), electricity (27.4%), diesel (20.9%), and FG
technologies (17.6%). Similar to the BAU scenario, electric tramways ended up with an installed capacity of
0.81 GW. The demand for freight transportation was covered by diesel-based vehicles (63.2%), electric trucks
(23.0%), and aircraft (13.8%). The share between rail, boat, road, and aviation freight transport remained the
same as the BAU scenario.

5. Discussion
This section highlights key insights and trends from the preceding sections. Finally, the limitations of the work
were enumerated.
5.1. Comparison of scenarios
In 2035, according to the BAU scenario results, the Bolivian energy system is still fossil-based, with traditional
fuels accounting for 62% of the TPES. Most of the primary energy goes to mobility (51.4 TWh), whereas
heating and industrial processes are the second sector (24.2 TWh), electricity the third one (18.1 TWh), and
cooking the last one (13.0 TWh). In contrast, the RE scenario is only 28% fossil-fuel dependent on the TPES.
Moreover, the electricity sector represents 56.5 TWh in terms of primary energy due to the high electrification
of the scenario, followed by the mobility sector with 45.1 TWh, heating and industrial processes with 22.7
TWh, and cooking with 6.9 MWh. Regarding the system’s annualized total cost, the BAU scenario shows a
lower value than the RE scenario (6 925 and 7 516 Me per year for BAU and RE scenarios, respectively).
Nonetheless, the RE solution reduces 49% of GHG emissions from 2021 (51% fewer emissions than the BAU
scenario), which is equivalent to 44.64 e/tCO2-eq. of compensation. Moreover, it is essential to highlight that
the mobility sector is a main constraint to the system transition, as the majority of the vehicles throughout the
14 years of analysis remain in the system due to the permissive laws and regulations in Bolivia. Nearly 8% of
the total vehicle fleet in 2021 was composed of vehicles manufactured in 1885 or below, according to INE [62].
Moreover, the importation of new vehicles is still under the Euro II emissions standard [64].



5.2. Limits of the study
The energy system optimisation model was intended for developed economies with well-established networks
and accounting for all users with electricity access. Moreover, more studies are required to confirm the dis-
patchability of various resources, such as agricultural and industrial residues, municipal solid waste, biofuels,
or power for cooking. Furthermore, decentralized energy systems like microgrids, a significant component of
Bolivia’s power sector, should be accounted for. Additionally, a model for cooling demand could be determined
and evaluated to estimate this consumption and associated technologies. Also, a more thorough market anal-
ysis is required to evaluate the costs of the existing technologies, their evolution, and the introduction of others.
Energy policies could be evaluated especially for the transport sector and account for an increase in the share
of public mobility. Finally, this study does not address the socioeconomic effects of the transition based on
fossil fuels or renewable energy.

6. Conclusions
The Bolivian energy system is going to experience a transition from a fossil fuel-based supply to one with a
high share of renewable resources to fulfill the commitment of the Paris Agreement and future governmental
plans. Nowadays, the country is going through strong population and economic growth, which is reflected in
future energy demand projections. In this context, the energy system was assessed utilizing the EnergyScope
TD framework in order to gain a comprehensive understanding of its reality. The adapted version of the model
for Bolivia is freely available at [65].
The case study consistency was verified by applying the energy system optimisation for the national energy
balance of 2021, showing a high similarity between the reported and simulated values. Furthermore, the
highest energy demand in the mentioned year was related to the transport sector, mainly supplied by gasoline
(18.5 TWh), diesel (17.2 TWh), and fossil gas (6.7 TWh). This is followed by heat demand for industries,
agriculture, and mining, mostly based on FG (8.7 TWh). Electricity demand was covered principally by FG
(14.9 TWh), and finally, cooking demand was based on LPG (5.8 TWh), FG (2.5 TWh), and wood (0.8 TWh).
The latter was more used in rural populations.
A projection of the energy system by 2035 allowed to identify difficulties and opportunities. With the current
subsidies for fossil fuels, the system would economically prefer to experience growth based on fossil energies.
For this reason, a optimisation was carried out including future plans, fuel prices, and technologies costs from
the government’s point of view. The latter scenario being called the business-as-usual scenario. It represents
a share of 32% renewable sources related to the final energy consumption and a 5% rise of greenhouse gas
emissions compared to the 2021 case. Furthermore, this scenario could not meet the emissions target of the
INDC (0.18 tonCO2,eq/MWh).
On the other hand, a sustainable scenario with a constraint in greenhouse gases emissions to reach a low-
carbon system showed a renewable resources share of 66%. Although this latter was a bit more expensive,
it showed a 49% decrement of CO2 emissions during its operation from the base case, which is also equal
to 44.64 e/tCO2-eq. of compensation. This growth driven by renewable energy required the electrification of
heat and transportation systems, as well as enhancing renewable electricity generation using solar, wind,
biomass, and geothermal technologies. Finally, this work has demonstrated that a Bolivian energy system
with a high share of renewable resources could meet a significant increase in energy demand for all sectors at
every hour throughout the year. Yet, to achieve this change, national policies must set ambitious goals for the
transportation and heat sectors. Future studies should consider the pathway to assess the complete transition
of the system, including more policy scenarios for different sectors.
Moreover, an improvement of the technical resolution is required, assessing the potential of microgrid systems
such as PV-battery systems necessary to generate electricity, especially in remote areas, and addressing the
extension of the electricity and gas network around the country.
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Abstract:
Carnot battery is considered one of the most promising technologies for large-scale electricity storage. Among
the available configurations, the so-called Integrated Energy Storage System (I-ESS) developed by the Univer-
sity of Padova research group allows the use of components of unused gas turbine power generation units for
storage purposes. In particular, during low-demand hours, the electricity generated in surplus by, e.g., wind
and solar, is used in an electric heater to heat up the air sucked by a fan. When air passes through the tank
composed of a packed bed of solid material, it heats the bed itself. Therefore, excess electricity is stored as
sensible heat in the storage material. Air then leaves the tank and is released into the atmosphere. During
peak demand hours, the heat stored in the packed bed is extracted and converted again into electricity using a
modified gas turbine in which the combustion chamber is bypassed and replaced by the storage tank. Having
established that the I-ESS configuration can compete with the other large-scale storage technologies, the focus
of this work is on the I-ESS off-design performance during the discharge phase. An investigation that still lacks
in the literature. To predict the behaviour of the plant in part-load, the characteristic curves of the turbine and
the compressor are implemented into the mathematical model of the I-ESS. In this way, the influence of key
parameters such as pressure ratio, turbine inlet temperature, and generated power is analysed for the different
state of discharge of the tank. The parameter that most affects the discharge time is the temperature of the
tank. In fact, for a temperature of 1200 K, the total discharge time is up to 35 h. The discharge efficiency
reaches 25.3%.
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1. Introduction
Reducing CO2 emissions from human activities is one of the most urgent challenges in our society, and the
electricity sector is one of the most impactful in terms of greenhouse gas emissions. For this reason, the
production of power from renewable energy sources (RES) is of crucial importance to boost the sector decar-
bonisation. However, variability and unpredictability, the distinctive traits of renewables such as wind and solar,
are pushing the need to develop and install energy storage units (ES) to avoid mismatch between electricity
supply and demand. Various ES technologies have been developed over the years, each with its features
in terms of power, capacity, response time, etc. Due to these differences, ES technologies can be classified
according to their role in grid regulation, the way adopted to store the electricity, the amount of storable energy,
etc.
Among large-scale technologies, electrochemical (flow batteries, FBs) and mechanical storage (pumped hydro
storage (PHS) and compressed air energy storage (CAES)) are considered mature and commercially available
solutions. However, FBs suffer from a short lifespan, whereas PHS and CAES are subjected to stringent
geographical constraints. In addition, CAES needs a fossil fuel stream, whereas PHS requires an almost
constant water flow rate. Furthermore, the vast exploitation of suitable PHS installation sites (especially in
Europe and the United States), coupled with the drawbacks mentioned above, limits the further spread of this
mature technology.
In fact, in recent years, due to the need for new types of grid-scale ES, researchers have begun to look at
thermomechanical storage. Among these technologies, there are liquid air energy storage (LAES) systems
and the so-called Carnot batteries (CBs). The latter is one of the most promising solutions in the field of large-
scale electricity storage, as underlined by both Vecchi et al. [1] and Lampasi et al. [2]. The general working
principle of a CB is as follows: during the charge, electricity is converted into heat and stored as thermal
energy. When power is requested from the grid, thermal energy is converted back into electricity and delivered
to the grid.



Several types of CB have been studied over the years (i) using sensible and latent thermal energy storage
(TES), (ii) performing the charge by direct electric heating, heat pumps and low-temperature waste heat, and
(iii) discharging the system by means of different thermodynamic cycles such as the Rankine, Brayton-Joule,
and Kalina cycles [3]. Despite the proposals, the most studied CB plant arrangement is the one named Pumped
Thermal Energy Storage (PTES).
PTES is characterised by a high energy density, low self-discharge rate, no geographical limitations, and
a small installation footprint. It is based on a high temperature heat pump cycle, which converts the off-
peak electricity into thermal energy and stores it inside two man-made thermally isolated tanks (usually called
’thermal energy storage’ (TES)): one hot (storing temperature from 500◦C to 1000◦C) and one cold (storing
temperature ranging from -150◦C to -70◦C). During high-demand hours, the system is discharged. In this
phase, a thermal engine cycle is adopted to convert stored thermal energy into electricity. The working fluid
is a gaseous medium, air, or argon, while electricity is stored as sensible heat using inexpensive and solid
materials such as concrete, gravel, or other common minerals [4–6]. In addition, PTES allows the use of
components from existing out-of-market fossil-based thermal power plants.
The latter is the motivation that led the authors of this work to develop the Integrated Energy Storage System
(I-ESS): a storage unit that can be embedded in unused or currently being decommissioned fossil-based power
plants, as well as at the same installation site for wind and solar plants [7, 8].
Briefly, the plant stores electricity as sensible heat in a high-temperature artificial tank consisting of a packed
bed. The I-ESS plant is an open cycle that adopts air as a working fluid in both the charging and delivery
modes. The charging scheme consists of a high-temperature tank, a fan, an electric heater, an electric motor,
and a heat exchanger, while the delivery unit is made up of a compressor, a turbine, an electric motor/generator
and the same high-temperature tank. In practise, the power train is a gas turbine in which the high-temperature
tank replaces the combustion chamber.
Compared to PHS and CAES, I-ESS does not suffer from geographical constraints and does not require
a stable water flow, such as PHS, or a natural gas stream such as CAES. Unlike FBs, the I-ESS plant is
characterised by a longer cycle life, whereas, compared to PTES, the I-ESS layout features a lower complexity.
Despite the previously conducted studies demonstrated the feasibility of the I-ESS plant (see, e.g., [7, 8]), and
its ability to be coupled with a variable renewable-based facility to smooth its variable production (see, e.g.,
[9]), it is necessary to investigate the off-design behaviour of the system during the discharge phase. This is
a critical phase due to the need for fast matching the grid requirements; a fact that forces the I-ESS plant to
operate in off-design conditions.
To this end, the mathematical model of the I-ESS is improved by implementing the performance maps of the
turbomachines and a tailor-made control strategy in order to make the mathematical model able to predict the
off-design behaviour of the I-ESS during the discharge. To investigate only the discharge phase, the starting
point of the TES tank is an isothermal condition.
The rest of the work is organised as follows. Section 2. describes the I-ESS layout, while Section 3. presents
the off-design mathematical model of the I-ESS storage unit. Section 4. summarises the most interesting
outcomes of the numerical investigation, while Section 5. states the conclusions.

2. Integrated Electricity Storage System (I-ESS)
The storage plant investigated in this work is based on the configuration developed and tested by Benato et al.
[7, 8]. The arrangement is named Integrated Energy Storage System; a thermomechanical unit for storing elec-
tricity in the for of sensible heat that allows the use of components of existing unused or in-decommissioning
fossil power plants. In this way, the system provides flexibility to the grid without installing additional capacity.
The layout of the plant is sketched in Figure 1.
During charge, a fan guarantees the circulation of air in the storage charging circuit. Air is the heat transfer
fluid. After being sucked by the fan, the air is preheated in a heat exchanger (HX) using the energy content
of the air leaving the storage tank and then heated up by a resistive electric heater (EH). Hot air leaving the
electric heater is at a high temperature and enters the TES tank. Air heats the solid material that constitutes
the thermal energy storage tank. Therefore, electricity is stored as sensible heat because of an increase in the
temperature of the storage material. The power input during the charging phase is in the fan and in the electric
heater. The adoption of an EH allows the air temperature to be maintained at the input of the packed bed at a
fixed value independently of the other operating conditions.
Note that in a PTES system, the storage inlet temperature is an independent variable only if the compressor’s
inlet conditions are constant. This is guaranteed by a heat exchanger; a component that is the source of high
losses.
The discharge cycle is based on the Brayton-Joule thermodynamic cycle. In terms of components, the dis-
charge arrangement is a gas turbine, where thermal storage replaces the combustion chamber or an air bot-
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Figure 1: Layout of the I-ESS system in (a) charge and (b) discharge modes.

toming cycle in which the heat exchanger is replaced with the TES tank.
The air under ambient conditions is sucked and compressed by a compressor. Then it is heated in high-
temperature TES. Consequently, the temperature of the material that makes up the TES decreases with in-
creasing of the discharge time. Finally, the hot air expands through a turbine and returns to the atmosphere.
The mechanical power generated by the turbine is converted into electricity through the electric generator. In
this way, excess electricity generated by renewable sources and not requested by the grid is stored as sensible
heat and then reinjected into the grid when required.
In the I-ESS configuration, the compressor and the turbine can be radial and axial turbomachines depending on
the plant nameplate power. In this case, the devices are axial turbomachines that work at a constant rotational
speed.
Although the layout of both working conditions is shown in Figure 1, only the discharge phase is investigated.
The reason for this choice is as follows. In previous studies, it was shown that, despite poor efficiency, the
investment costs of I-ESS are really competitive with other ES technologies [7]. Furthermore, a proper selection
of the type and shape of solid storage material allows the plant to reduce costs, as well as design a storage
facility that can store a different amount of energy in the same volume [8]. A feature that intrinsically guarantees
the scalability of the plant based on the needs of the network. However, an in-depth analysis of plant behaviour
under off-design conditions is still lacking. To fully understand the potential of the proposed storage system and
develop custom management strategies, the decrease in turbomachine efficiency under part-load conditions
must be taken into account. For these reasons, this work is focused on off-design modelling of the I-ESS
system with an in-depth description of the compressor and the turbine through the use of performance maps.

3. The I-ESS off-design numerical model
During the delivery phase, the thermal reservoir temperature profile changes continuously. This means that
the turbine inlet temperature (TIT), which is the driving parameter in calculating the equilibrium point of the
system, also changes continuously. This fact leads to two important consequences. On the one hand, unlike a
conventional power plant, the I-ESS never works under design conditions. Therefore, it is important to build an
ad hoc mathematical model to describe its off-design behaviour. However, the system operates in a continuous
transient state. Therefore, the steady-state working point does not exist.
In the already available I-ESS mathematical model, only the thermal reservoir one is dynamic, whereas the
rest of the components, as well as the control strategy, are treated with a steady-state approach. This means
that the model is built on the hypothesis that the time constant of the thermal phenomena is higher than the
time constant of the mechanical one. With this approach, a pseudo-steady-state equilibrium point is computed
at each time step.
Obviously, this way of modelling the turbomachinies is widely adopted and guarantees to describe in an appro-
priate manner the behaviour of the system, especially if the simulation time involves the entire year. However, to
predict the step response and the start-up/shut-down of the storage unit, a proper dynamic model of the whole
system must be built, but this is beyond the objectives of this work because it is focused on the discharge
arrangement.
The system consists of two axial turbomachines and a packed-bed thermal reservoir. The power regulation of
the plant takes place by managing the angle of the variable inlet guide vanes (VIGV) at the compressor inlet,
while the rotational speed of the shaft remains constant. The model is built in a Matlab environment, while the



thermophysical properties of both air and storage material are taken from the NIST databases.
3.1. The I-ESS off-design model
3.1.1. The air compressor model

Turbomachines are modelled with a zero-dimensional approach. In fact, the behaviour of both the compressor
and the turbine is described through their performance maps. Standard maps are taken from the database
of commercial software [10] and then scaled according to the design point. The working point, which is char-
acterised by a certain combination of pressure ratio (pr ), mass flow rate (ṁ) and isentropic efficiency (ηis), is
expressed as a function of rotational speed (N) and auxiliary coordinate β (see Equation 1).

{pr , ṁ, ηis}c = f (βc , Nc) (1)

Due to the maps’ interpolation, these values can be derived. Then, providing as input the inlet pressure and
temperature, it is possible to compute the outlet conditions using Equation 2 and Equation 3.

p2 = p1 · prc (2)

T2 = T1 ·
(

1 +
1

ηis,c
·
(
prc

γ−1
γ − 1

))
(3)

During off-design operating conditions, the I-ESS management system varies the VIGV angle (αIGV ) to keep
the rotational speed constant. The laws that describe the modification of the compressor working point as a
function of αIGV are as follows.

aVIGV =
∂ṁ [%]

∂VIGV [◦]
(4)

bVIGV =
∂(prc − 1) [%]

∂VIGV [◦]
(5)

cVIGV =
∂ηis [%]

∂VIGV [◦]
(6)

The values of the coefficients a, b, and c are set equal to 1, 1 and 0.01 as suggested in Ref. [11]. The positive
values of αIGV correspond to the closure of the variable inlet guide vanes. In contrast, negative values mean
an opening of the VIGV compared to the design position (αIGV ,des = 0).
3.1.2. The turbine model

The turbine is also modelled using standard maps scaled according to the design values of the pressure ratio
and the corrected mass flow. As given for the compressor, the values of the mass flow rate, the pressure ratio
and the isentropic efficiency are expressed as a function of the rotational speed and the auxiliary coordinate β
(Equation 7).

{pr , ṁ, ηis}t = f (βt , Nt ) (7)

The turbine geometry is fixed, and there are no variable inlet guide vanes. The outlet temperature and pressure
are calculated as given in Equation 8 and Equation 9.

p4 =
p3

prt
(8)

T4 = T3 ·
(

1 − ηis,t

(
1 −

( 1
prt

) γ−1
γ

))
(9)

3.1.3. The thermal energy storage with packed bed mathematical model

The thermal energy storage tank is the key component of the I-ESS plant because it allows the storage of
electrical energy in the form of sensible heat.
Several models can be found in the literature for the description of the thermal reservoir [12] but, in this case,
the TES-PD model developed by Benato et al. [13] is adopted. The TES-PD model is a 1D model in which
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Figure 2: Scheme of the calculation for the matching procedure. The matching variables are highlighted in red,
while the functions are highlighted in green.

the tank is discretised into n layers characterised by the same dimension. The influence of the number of
discretisations on both the computation time and the accuracy in the calculation of the temperature profile has
been thoroughly investigated in Ref. [13]. One of the peculiarities of the model is its ability to take into account
the variability of the thermophysical properties of both the solid material that makes up the packed bed and the
heat transfer fluid (air). For more details, the interested reader can refer to [13].
3.2. Components matching
The I-ESS model calculates pseudo-steady-state points, where the turbomachines are supposed to instanta-
neously adapt to the thermal behaviour of the reservoir. This means that for each time step, the power and the
mass balance are fulfilled.
In this scenario, finding the equilibrium point of the system requires solving a system of non-linear equations of
dimension three [14]. The procedure is based on the gradient-based fsolve algorithm available in the Matlab
suite. It employs a variant of the Powell method (trust-region algorithm [15]). In Equation 10, δx is the vector
that contains step changes of the matching variables, J is the Jacobian matrix, and F is the vector with errors.
The matching variables are βcompr , αIGV and βturb, while the errors come from the check of the turbine pressure
ratio, the mass continuity, and the power balance, as shown in Figure 2.

J · δx = −F (10)

At each iteration k, the new variables are calculated as xk = xk−1 + δx . The system is solved when F = 0. The
final values of βcompr , αIGV , and βturb are those that meet the equations of mass and power balance and give a
net power equal to that set as input.
3.3. The I-ESS model setup
Being the aim of the work to study the off-design behaviour of the I-ESS system during the discharge process to
improve the accuracy of the plant behaviour prediction, the design parameter of the system must be defined.
To evaluate in future work the advantages in terms of accuracy of using compressors’ and turbines’ maps
instead of simplified models, the I-ESS design parameters are the same as those in the work presented in Ref.
[9].
In particular, the thermal storage volume is equal to 250 m3, while its height is 6.6 m. The packed bed is
made up of spheres of aluminium oxide (Al2O3). The density, void fraction, and diameter of the spheres are
summarised in Table 1.
The design power of the power train is set at 0.8 MW, while the compressor pressure ratio and the polytropic
efficiency of both turbomachines are set at 8.5 and 0.85, respectively.
Based on the design characteristics of the gas turbine used to build the I-ESS power train, the thermal reservoir
design temperature, which is equal to the turbine inlet temperature, is set at 1200 K while the air mass flow
during discharge is 4.42 kg · s-1.
The turbomachines have an axial arrangement. Therefore, for the compressor and the turbine, an axial map
is selected from the commercial software database. Subsequently, the selected maps are scaled according to
the design values. Note that this is common practise in the case of a lack of information on the performance
maps of the machines considered [16].
To properly study the delivery phase, the discharge investigation is carried out starting from a TES tank under



Geometry packed-bed
Material Al2O3 (allumina)
Shape spheres

TES volume 250 m3

TES height 6.6 m
Al2O3 density 3990 kg m−3

Void fraction 0.4 −
Spheres diameter 50 mm

Table 1: Design characteristics of the TES.

isothermal conditions (1200 K).

4. Results and discussion
After model validation (see, [7, 8]), a preliminary investigation is conducted with the aim of finding the technical
minimum of the system. As said, for simplicity, the reservoir starts in an isothermal condition.
At the beginning of the discharge phase, the I-ESS-deliverable power is set to the nameplate one. However,
in the progress of the discharge, the temperature of the packed bed decreases and, consequently, the turbine
inlet temperature. Therefore, the I-ESS management system is not able to maintain both the power and the
rotation speed at the design value. Then, since the control strategy is devoted to maintaining a constant
rotational speed, the power delivered to the grid is reduced with the decrease in the state of charge of the TES
(see Figure 3). The power reduction continues until the system can no longer provide power by maintaining a
constant rotational speed. This condition corresponds to a power equal to about 40% of the design one. Taking
into account the safety margin, the I-ESS technical minimum is set equal to 50% of the gas turbine nameplate
power.
The analysis of the discharge phase from the full charge to the technical minimum reveals that, as the TIT
changes, the equilibrium point of the system also changes. Therefore, to maintain the rotational speed con-
stant, the angle of the VIGVs must be continuously adjusted (Figure 3). The initial value of αIGV , when the
VIGVs are in the design condition, is αIGV = 0. Initially, to maintain the rated power, the VIGVs have to slightly
open to counterbalance the decrease in the TIT. Then, when the power is scaled, αIGV suddenly increases to
a positive value (Figure 4).
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Figure 3: Power trend and αIGV trend over time.

As said, during the delivery phase, the temperature of the packed bed decreases. Figure 5 shows the tem-
perature trend of some layers over time. It is interesting to note that the temperature of the first layers quickly
drops to 600 K , which is the compressor outlet temperature. The first layer is slightly heated after some time
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Figure 4: Shift of the speedline according to αIGV .

step, and this is due to an increase in the compressor pressure ratio related to the regulation of αIGV .
The discontinuities in the temperature trend come from the step regulation of the net power, as shown in Figure
3. The graph in Figure 5 also shows the trend of TIT over time. The TIT follows the trend of the last layers of
the reservoir.
Figure 6 shows the thermodynamic cycle at both the beginning and the end of the discharge. Note that, at the
end of discharge, both ηis,c and TIT are lower compared to the design point.
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Figure 5: Temperature trend of some sample layers and TIT trend over time.

The choice of the number of layers for the discretisation of the packed bed influences the accuracy of describing
the thermofluid dynamics of the reservoir [13]. However, the focus of this work is to study the performance of
the whole system, rather than the thermal storage itself. Therefore, a sensitivity analysis is performed to
evaluate the effect of the number of layers (n) on the accuracy of the model.
The turbine inlet temperature is selected as a key parameter as the driving variable in the calculation of the
thermodynamic cycle. The analysis revealed that, varying n from 30 to 160 with a step of 30, the standard
deviation in the TIT calculation at the end of discharge is approximately 0.02%. For this reason, a number of
60 layers is chosen as a good compromise between computational speed and accuracy.
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After this preliminary investigation devoted to the definition of the technical minimum and the number of layers
in which storage needs to be discretised, it is interesting to study the total discharge time and the discharge
time at nameplate power by varying by the tank temperature, the design power and the power step size.
Figure 7 shows the influence of design parameters on the total discharge time and the discharge duration at
the nameplate power.
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Figure 7: Influence of design parameters on the total discharge time and the discharge duration at nameplate
power.

The discharge time at nameplate power is strongly influenced by the reservoir temperature: the higher the
temperature, the longer the time for which the system can deliver the nameplate power.
The nameplate power and the power step size do not affect discharge duration. Furthermore, the total dis-
charge time increases rapidly if the storage temperature increases, while it increases only slightly with the
power step size. However, the total discharge time decreases if the nominal power is high.
It is also interesting to analyse the maximum thermal energy that can be stored in the tank. With the hypothesis
of heating the tank from ambient temperature (293 K ) to 1200 K , the maximum storable thermal energy is
201.6 MWhth.
Taking into account the full discharge, the maximum exploitable energy can be calculated as:



Eth,discharge = M · 1
n
·
∑
j=1:n

(∫
cp(T ) · dT

)
(11)

where n is the number of layers, M is the mass of the solid and cp is the specific heat of the solid.
Given the technical minimum fixed at 50%, the maximum exploitable thermal energy is 106.1 MWhth, which
results in 26.9 MWhel .
Note that, for the hypothesis of the investigation performed, the charge phase is not modelled. Therefore, the
Round-Trip Efficiency (RTE) cannot be defined on the basis of the selected starting state of charge.
Hovewer, considering the TES isothermal (not reachable condition) at a temperature of 1200 K, the efficiency
of the discharge phase can be computed as

ηdiscarge =
Eel ,discharge

Eth,discharge
(12)

and resulted equal to 25.3%.

5. Conclusions
The off-design performance of an Integrated Electricity Storage System (I-ESS) has been analysed in this
study. To this end, a proper off-design model of the plant has been built. The model takes into account
the part-load behaviour of the turbomachines with a zero-dimensional approach using performance maps.
Although it includes a dynamic description of the Thermal Energy Storage, the model of the system calculates
pseudo-steady-state points. In this way, the behaviour of the plant during a complete discharge can be studied,
starting from an isothermal reservoir. The results show that the temperature of the reservoir is the parameter
that affects primarily the performance of the plant in the delivery mode.
With an increase in tank temperature, both the total discharge time and the nameplate power discharge time
increase. In contrast, as the design power is increased, the total duration of the discharge decreases. In
addition, the power step size has a smaller influence on these parameters.
The results also show that the number of layers for TES discretisation is not as relevant for the calculation
of the performance of the whole system. Therefore, this parameter can be kept to the minimum possible
to speed up the computation time without significantly affecting the model accuracy. The efficiency of the
delivery phase, for the selected working conditions, is equal to 25.3%. Future developments will involve the
implementation of off-design characteristics of the fan, electric heater, and heat exchanger in the charging
model. In this way, the round-trip efficiency can be defined and computed as well as the thermodynamic and
economic performance of the full operation of the system. After that, the dynamic behaviour can be analysed
and tailor-made management strategies developed based on grid needs.

Nomenclature
Abbreviations

CAES Compressed Air Energy Storage

CB Carnot Battery

EH Electric Heater

ES Energy Storage

FB Flow Batteries

HX Heat Exchanger

I-ESS Integrated Electricity Storage System

LAES Liquid Air Energy Storage

PHS Pumped Hydro Storage

PTES Pumped Thermal Energy Storage

RES Renewable Energy Storage



TES Thermal Energy Storage

TIT Turbine Inlet Temperature

VIGVs Variable Inlet Guide Vanes

Constants and variables

cp specific heat, J/(kgK)

ṁ mass flow rate, kg s−1

N rotational speed

n number of layers

pr pressure ratio

T temperature

αIGV Variable Inlet Guide Vanes position

β auxiliary coordinate of turbomachinery performance maps

ηis isentropic efficiency

Subscripts and superscripts

c compressor

t turbine

el electrical

th thermal
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Abstract: 

In recent years, when the energy demand has increased day by day, the continuity of energy has become an 
important issue as well as the need to meet the demand from nature-friendly technologies. Thermochemical 
Heat Storage (THS) systems are among the important approaches that help the continuous and efficient use 
of renewable energy resources with its high energy storage density and long storage times. Researches on 
composite structures consisting of sorbent salt and porous matrix couple among storage materials are 
noteworthy for the development of sorption materials and thus the heat storage system. Composite sorbents 
were prepared by impregnating sorbent salt (CaCl2 and MgCl2 etc.) as single and mixture into two different 
matrix materials, anodic Aluminium oxide (AAO) template and pumice (P), is carried out in this study. The 
cyclical heat storage behaviours of the obtained composite structures were investigated with the laboratory 
scale thermochemical heat exchanger prototype system. The aim of this study is that the effect of host matrices 
with different pore diameters one of whose is produced in the laboratory and other is natural on the 
thermochemical heat storage capability. Moreover, different sorbent salts which are impregnated into these 
pores on the heat storage capability is also compared with the help of prototype system. 

Keywords: 

Thermal Energy Storage (TES), AAO templates, Pumice, Composite Material, Salt-impregnation. 

1. Introduction 
The visible and tangible negative effects caused by the use of fossil fuels shows that we are facing a global 
climate crisis. Due to the intermittent nature of renewable energy sources, a great majority of the energy 
demand today is still met by fossil fuels [1]. While this situation reveals the importance of storage for the 
efficient use of the energy, it is also critical to improve these systems in order to meet the energy demand of 
the increasing population with environmentally friendly and sustainable technologies [2,3]. Thermal Energy 
Storage (TES), one of the energy storage approaches, has important application areas such as the efficient 
use of intermittent solar energy and the recovery of low-grade industrial waste heat released directly into the 
atmosphere [4,5]. There are three types of TES systems such as sensible, latent and thermochemical heat 
storage [3,6]. Thermochemical Heat Storage (THS) systems, in which heat is stored and released as a result 
of the reversible sorption-desorption process, are remarkable for their long storage times and high energy 
storage density [7,8]. In sorption heat storage systems, heat is stored as a result of physical changes in the 
storage medium. During the charging (desorption) process, hot dry air (eg, waste heat, heat emitted from solar 
collectors) is passed through the storage material to remove absorbed water. As a result of the endothermic 
reaction, heat is stored by the material as potential energy. During the discharge (sorption) process, water 
vapour absorption occurs by passing humid air through the storage material and the stored heat is released. 
As long as the storage material is not in contact with humid air, heat is stored with almost no loss [9,10]. For 
storage systems with low thermal losses and high energy storage capacity, mass and heat transfer are 
expected to be high as well as the material maintaining thermal, physical and cyclic stability [8]. Therefore, the 
development of storage mediums is very important for the improvement of these systems. 



In recent years, composite materials obtained by impregnated sorbent salt into a porous host matrix are among 
the prominent sorption materials [6,11]. In the literature, many porous matrices with different pore diameters 
and surface areas are used as a structural support for sorbent salts such as zeolite [12], silica gel [13], activated 
carbon [14], attapulgite [15], wakkanai siliceous shale (WSS) [4], vermiculite [16], etc. The porous matrix helps 
to maintain the physical stability of the material during repetitive cycles while also improving mass and heat 
transfer [17]. In recent studies for the development of sorption materials, in addition to natural rocks, new 
generation porous materials such as MWCNT [18], MOF [19], AAO [20], silicone foam [21], concrete [22], 
which are synthesized in the laboratory, are also preferred as host matrix.  
Sorbent salts, the main absorbing component that stores heat, are notable for their high energy storage 
densities [2]. The existence of problems such as deliquescence and agglomeration that make the use of 
sorbent salts difficult is stabilized by the porous host matrix [23]. In the literature, many sorbent salts such as 
CaCl2, LiCl, LiNO3, MgCl2, SrBr2, SrCl2, LiBr, MgSO4, K2CO3 are used for sorption heat storage with host matrix 
[2]. Also salt mixtures are impregnated into porous matrices in order to improve their water uptake capacity 
and operate at relatively low regeneration temperatures [6,15]. Different porous matrix/salt pairs are 
investigated to develop systems with high energy storage capacity and cyclic stability [24]. Nejhad et al. [22], 
the cyclic heat storage capacities of the composite sorbents they synthesized with 3 different porous matrices 
(aerated porous concrete, vermiculite, zeolite) were investigated with a laboratory scale fixed-bed open THS 
prototype system. Accordingly, energy storage densities of 196-175, 180-163, and 251-114 kWh/m3 were 
obtained, respectively, for APC-CaCl2, vermiculite-CaCl2 and zeolite-CaCl2 composites at low regeneration 
temperature (85-95 °C). Mehrebadi et al. [25] investigated the composite sorbents prepared with two porous 
(pumice, expanded clay) matrix and different sorbent salts (Al2(SO4)3, MgSO4, CaCl2, MgCl2, SrCl2) using a 
laboratory scale filled bed reactor. According to the results, SrCl2 has the highest energy storage density (29 
kWh/m3 for expanded clay and 7.3 kWh/m3 for pumice) and the study points out that pumice has cyclic stability. 
Yilmaz et al. [26], used anodic Aluminium oxide (AAO) templates produced with two step anodization method 
in the laboratory as porous host matrix for four different sorbent salts and their mixtures. The energy storage 
densities obtained for AAO-LiCl and AAO-CaCl2 composites as a result of DSC analysis are 242.2 and 220.8 
kJ/kg, respectively. 

In this study, anodic aluminium oxide (AAO) templates and pumice (P) used as porous host matrix. Composite 
materials were prepared by impregnating mono and mixed sorbent salts (CaCl2, MgCl2) into host materials. 
AAO templates with pore size controlled by electrochemical process parameters were produced in the 
laboratory with a two-step anodization process. The aim of the study is to compare the behavior of sorbent 
salts impregnated into different host matrices. For this purpose, the cyclical energy storage density (Ed) of the 
obtained composite materials were investigated with the laboratory scale thermochemical heat exchanger 
prototype system. 

2. Materials and Method 

In this study, anodic Aluminium oxide produced by anodization from 99.99% pure aluminium and pumice, a 
natural rock, were used as host material in order to be able to absorbed sorbent salts. AAO templates were 
obtained by applying two-step anodization method to high purity (99.99%) aluminium plates. Aluminium plates 
were immersed in an isopropyl alcohol at 35-40 °C in an ultrasonic bath for 10 minutes prior to anodization 
and then they etched in an etching solution containing CuSO4, H3PO4 and HNO3 at 85 °C for 2 minutes. 
Following these processes, two-step anodization process was started. Aluminium plates were anodized in a 
0.6 M oxalic acid solution at 10 °C at 40 V for 30 minutes during both the first and second step anodization 
process. AAO with regular pore structure were obtained at the end of second anodization step. AAO samples 
obtained via the two-step anodization method were immersed in 0.1 M NaOH solution for 15 minutes in order 
to enlarge the existing pore diameter prior to salt impregnation. Then the moisture in the pores was evaporated 
by keeping it in an oven at 110 °C for 24 hours. The similar procedure was also applied to pumice to be 
completely dehumidified and ready for salt impregnation. The dried AAO and pumice templates were filled with 
two mono salts and their mixtures. 
In order to be able to obtain composite structure, matrix materials (AAO and Pumice) completely were 
immersed into saturated mono and mixed salts and they were hold at 10 Psi and 30 oC under vacuum for 48 
h. This aimed to fill existing pores with salt solution via capillary action. Dry sample weights before and after 
salt impregnation are given in Table 1. The amount of impregnated salt in pumice was measured by taking the 
sample weight before and after the salt impregnation. The amount of salt absorbed per unit area for AAO 
samples was calculated empirically by dividing the amounts of salt impregnated into each sample by the total 
surface area as in our previous study [26]. 

 

 

 

 



Table 1. Dry sample weights before and after salt impregnation. 

Impregnated salt 

and ratios 

Sample weight before 
salt impregnation (g) 

Sample weight after salt 
impregnation (g) 

Matrix: AAO 

CaCl2 0.157 0.278 

MgCl2 0.149 0.349 

CaCl2 + MgCl2 (1:1) 0.133 0.219 

Matrix: Pumice 

CaCl2 16.12 42.29 

MgCl2 16.24 40.72 

CaCl2 + MgCl2 (1:1) 17.01 43.03 

2.1. Characterization 
Microstructures of both AAO and pumice, acting as a matrix, before and after salt impregnation were 
investigated with Zeiss brand Sigma 300 model FESEM.  Theoretical thermal energy storage capacities of the 
composites were characterized using a Differential Scanning Calorimetry (DSC). Analyses were performed 
with a TA Instruments Q2000 model DSC instrument in the temperature range of 30-140 °C, according to BS 
EN ISO 11357-4 standards. In addition, composite materials were characterized by a laboratory-scale 
prototype. Figure 1 shows the prototype system consisting of a humidifier, heater, cabinet and fan. 

 

 

Figure 1. Thermochemical heat exchanger prototype. 

In the prototype system, experiments were carried out as three consecutive discharge-charge cycles and the 
cyclic behaviour of composites were investigated. During discharge process, the air was humidified and blown 
through the cabin with help of a fan. The humid air was passed through across the composite material. Water 
vapour was absorbed by the composite and heat released during this time. During charging process, air was 
heated to 80-85 °C with the help of an electric heater and hot dry air passed across the composite material. 
Meanwhile, moisture inside the composite was removed and heat stored. 

3. Results and Conclusions 
In this study, the results show that the average pore diameter of AAO film was about 85±5 nm as shown in 
Figure 2(a). The pores were regular and high ordered. Figure 2(b) shows a cross-sectional view of the AAO 
template.  

  

Figure 2. FESEM image from top: a) and cross-section b) of AAO template 

The average thickness of the nanotubes is approximately 8µm. The increase of the lengths of the nanotubes 
depends on the increase of the anodization period. The lengths of the nanotubes are directly proportional to 
the duration of second step of the two step anodizing. The images of pumice, used as matrix material, before 
and after salt impregnation are given in figure 3. 

a b 



 

  

  

Figure 3. Images of pumice: a) before salt impregnation, b) CaCl2 impregnated, c) MgCl2 impregnated and d) 
mixed sorbent salts impregnated. 

Figure 4 shows the FE-SEM images obtained after salt impregnation of both matrix materials: (a) AAO-based 
composite structure following salt impregnation, (b) pumice before salt-impregnation, and (c) pumice-based 
composite structure following salt impregnation. SEM images show that the pores of both matrix materials 
could be filled with sorbent salts. 

Energy storage density (Ed), is one of the important parameters for evaluating the suitability of any material 
for THS application. In this regard, after synthesizing  composites structures of salt impregnated, Ed of these 
materials were evaluated through characterization methods. For the DSC analysis, synthesized materials were 
kept in a moist environment (RH=90%) over 48 hours to ensure that they are saturated with water. Later on 
the fully hydrated materials were placed within DSC device. For evaluating the Ed, total energy consumption 
for moisture desorption (until the material reaches anhydrous state) was calculated. Within the DSC studies, 
the specific heat capacity (Cp) is determined with the Equation (1). In the Equation ΔQ and ΔT represents the 
variation of heat supplied to the material and the variation of the applied desorption temperature with the time, 
while m shows the mass of the sample by integrating the area under the desorption heat–Cp curve. 

Cp= ΔQ/(m.ΔT)                                                                                                                                                 (1)                       

Theoretically, total energy consumption for moisture desorption in charging could be considered equal to the 
thermal energy generated in discharging process for the same amount of moisture adsorption. Consequently, 
energy density of the material could be obtained by calculating the ratio of desorption energy consumption to 
the weight of the sample [26]. As shown Table 2, the highest theoretical Ed value was obtained for MgCl2 

impregnated into both pumice and AAO. On the other hand, CaCl2 has also the  lowest Ed value for both host 
matrices. 

   

Figure 4. FESEM images of a) AAO after salt impregnation, b) pumice before salt impregnation and                      
c) pumice after salt impregnation 

 
 
 

c d 
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a b c 



Table 2. Ed values calculated as a result of DSC. 

Samples Ed (kJ/kg) 

AAO-CaCl2 161.68 

AAO-MgCl2 836.19 

AAO-CaCl2+ MgCl2 795.12 

P-CaCl2 1255.83 

P-MgCl2 1700.39 

P-CaCl2+ MgCl2 1657.41 

 
The heat storage capacities of the composite structures, whose theoretical energy storage capabilities were 
determined with DSC, were also measured with the laboratory scale thermochemical heat exchanger prototype 
system. The experiments were carried out as three consecutive discharge-charge cycles for each composite 
and the cyclic heat storage capabilities of the composite sorbents were obtained. Figure 5 (a) and (b) shows 
the outlet air temperature (T) changes for AAO and pumice composite materials over three discharge cycles, 
respectively. The input air temperature was measured 18-20°C as it was affected by the fluctuating room 
temperature during the experiment. Due to the high absorption rate, temperature rise was observed at the 
beginning of each cycle in all composites.  
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Figure 5. Output temperature changes of (a) AAO matrix composites, (b) pumice matrix composites  

The heat output rate (out) values of all composite materials during the discharge process are shown in Figure 
6. The heat output rate can be determined based on the enthalpy changes before and after the sorption 
material (Eq. 2), as well as the mass flow rate (discharge) in the discharge phase, the specific heat (Cp) at 
constant pressure and the difference between input and output temperatures of the system [22]. 

�̇�out =  �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝐶𝑝(𝑇out − 𝑇𝑖𝑛)                                                                                                                (2)  
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Figure 6. Heat output rate values of six composite materials over three discharge cycles: a) AAO matrix 
composites and b) pumice matrix composites .                                        

It is seen that the average output heat flow rates for AA0-MgCl2:CaCl2 are 1.29, 1.37 and 1.35 kW for all three 
cycles, respectively. Just as at the output temperature, the heat flow rates for the mixed salt impregnated 
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sample exhibit also stable behaviour in all three cycles. On the other hand, while the heat flow rate for the 
AAO-MgCl2 sample is average 1.18 kW  in the first cycle, this value reaches the order of 1.28 and 1.29 kW in 
the second and third cycles, respectively. It is seen that these values for Pumice-MgCl2:CaCl2 are on average 
1.25, 1.24 and      1.24 kW. Especially in the first cycle, the sample with the lowest heat flow rate was the AAO-
CaCl2 and pumice-CaCl2 samples with 1.06 kW and 1.16 kW, respectively. On the other hand, the reason for 
the increase in the output heat flow rate of the AAO-MgCl2 and AAO-CaCl2 composites, especially in the 2nd 

and 3rd cycle, might have been due to the increase of ∆𝑇 in the repeated cycles. 

The energy storage densities of the system were calculated by the ratio of the total energy output value to the 
volume of the composite material for the discharge phase to be obtained by integrating the equation (2) over 
the discharge period [22].The cyclic energy density (Ed) values of the discharge phases of the six composite 
materials are given in Table 3. 

Table 3. Cyclic energy density (Ed) values of six composite materials over three discharge cycles. 

Matrix 
Impregnated salt Cycle 

Ed 
(kWh/m3) 

Matrix 
Impregnated salt Cycle 

Ed 
(kWh/m3) 

A
A

O
 

CaCl2 

1 180 

P
u

m
ic

e
 

CaCl2 

1 411 

2 92 2 328 

3 70 3 269 

MgCl2 

1 131 

MgCl2 

1 658 

2 99 2 485 

3 88 3 518 

CaCl2 + MgCl2 
(1:1) 

1 160 
CaCl2 + MgCl2 

(1:1) 

1 597 

2 144 2 469 

3 135 3 418 

 

As can be seen, the highest energy density values were obtained in the mixed salt in AAO matrices and in 
MgCl2 impregnated samples for pumice matrices throughout all cycles. Accordingly, while the highest energy 
density value was obtained for the AAO-MgCl2:CaCl2 composite in the first cycle, the highest value was 
obtained for the pumice-MgCl2 composite in the similar cycle. Ed values of all composite samples obtained 
using the thermochemical heat exchanger prototype test setup are different from the values calculated as a 
result of DSC analysis. This result shows that, theoretically, the statement that the total energy absorbed by 
the material during desorption is equal to the energy it can produce during sorption is not entirely true. 

Within this study, mono and mixed salt impregnated AAO and pumice based composite samples were 
synthesized and characterized for thermochemical heat storage applications. The results obtained are given 
below: 

- In the prototype test setup, the highest Ed value was obtained in the pumice-MgCl2 composite with 658 
kWh/m3. 

- As a result of the measurements in the thermochemical heat exchanger prototype, AAO-MgCl2:CaCl2 
composite had a high exit temperature in all three cycles and exhibited a high stable performance during 
repeated cycles compared to AAO-CaCl2 and AAO-MgCl2. 

- Similar stable behaviour for all three cycles was also obtained in pumice-MgCl2 composite. 

- The fact that the Ed values obtained for AAO-MgCl2:CaCl2 in every three cycles are close to each other, 
unlike the AAO-CaCll2 and AAO-MgCl2 composites, is an indication that the AAO-MgCl2:CaCl2 composite has 
cyclic stability, and this is promising for the efficient use of THS systems. Similarly, pumice-MgCl2 is preferable 
in the efficient use of THS systems. 
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Abstract:
Thermal energy storage (TES) is a key issue in efficient energy system applications, especially in the context
of renewable energies. In this respect, phase change materials (PCM) have attracted interest as an active
solution for efficient energy management, particularly in the building sector. This paper presents a modeling
of a thermal battery based on PCM in the case of solar systems assisted by heat pump (SAHP). The storage
tank allows to store the heat produced via unglazed solar panels (Batisol®) and represents the heat source
of the heat pump. The heat pump can supply the heating and domestic hot water (DHW) needs of a building.
The storage consists of a block of PCM contained between two plates of heat transfer fluid (HTF). A 2D model
is used to describe the behaviour of the PCM and a 1D model is preferred for the HTF plates. The objective
of the study is to dynamically simulate the thermal behaviour of this storage for different hot inlet temperature
profiles: step, trapezoidal functions and profile of the temperature at the outlet of the thermal panels for a winter
and summer period of 8 days. This 2D model would be useful to validate a simpler model for optimisation of
the operational parameters of the system.

Keywords:
Thermal energy storage, Phase change material, Solar system assisted heat pump, Domestic hot water, Low-
temperature heating.

1. Introduction
In order to limit temperature rise, it is important to reduce the environmental impact of energy production and
consumption. According to the International Energy Agency [1], the building sector is considered to be one of
the largest energy end-use sectors in the world. The growing demand for energy is increasing the pressure
on the environment. One of the main challenges to reduce the environmental impact of buildings is therefore
to replace fossil fuels with renewable resources. Thermal energy storage (TES) has been particularly studied
in recent years as it is essential to compensate for the intermittency of renewable energies, by correcting
the mismatch between energy supply and demand [2]. Moreover, TES are increasingly used to meet the
heating and cooling needs of buildings. There are three types of TES: sensible, latent and thermochemical
[2]. Phase Change Materials (PCM) are materials that can store large amounts of thermal energy in the
form of latent heat of fusion when they change from a solid to a liquid state for example at a specific phase
change temperature or temperature range if the PCM is not a pure compound. This phase transition process is
reversible, allowing thermal energy to be stored and released at relatively constant temperatures. Compared
to sensible heat storage materials, PCM offer several significant advantages, like a higher heat storage density
at small temperature ranges [3]. PCM can store between 5 and 14 times more thermal energy per unit volume
than sensible heat storage materials [4]. As a result, the use of PCM can help to reduce the size of heat storage
systems, making them more suitable for residential applications. Thermochemical storage is more interesting
in terms of storage density. However, this technology is less mature than that with PCM.
Solar systems assisted by heat pump (SAHP) can provide an efficient and environmentally friendly heating



and cooling solution for residential and commercial buildings. The role of a heat pump in the heating system is
to increase the thermal energy from a lower temperature level to a higher temperature level [5]. Moreover, the
use of PCM heat storage between the solar facade and the heat pump can improve the overall performance of
the SAHP. Several studies have been conducted to assess the benefits of using PCM in SAHP [6–9]. Firstly,
the solar energy stored in the PCM unit can be used as a heat source for the evaporator in the heat pump.
As a result, the temperature of the evaporator is almost constant and the heat pump can operate under more
stable conditions. This leads to a better Coefficient of Performance (COP) for the heat pump.
Depending on the type of application at the output of the heat pump (heating, cooling), the temperature levels
are not the same and therefore the PCM used changes [6]. Four temperature ranges have been listed by Du
et al. [6]: low (-20 to 5°C), medium-low (5 to 40°C), medium (40 to 80°C) and high (80 to 200°C) temperatures.
For a heating or domestic hot water applications, the medium temperature level is considered since the buffer
tank temperature setpoint is usually expected at 60°C. Many studies have been carried out on such systems
[6, 8–10]. However, as each storage is different (size, design and PCM used in particular), it is important to
model its thermal behaviour correctly in order to explore the optimal operating parameters later.
The objective of this paper is to dynamically simulate a TES based on PCM integrated on SAHP. In a first part,
the methodology and the case study will be presented. Then, several operating scenarios will be investigated
in the results section. The profile of the hot temperature entering in the thermal battery will be a step, then a
trapezoidal function, and finally this of the outler temperature of thermal panels in winter and summer periods
using measured climatic conditions as boundaries. Finally, last part will conclude.

2. Material and Methods
This section is divided in three parts. Firstly, the global system is described, composed by solar thermal panels,
PCM battery and heat pump. In next steps, the models of the different components of the system are defined.
Dynamic models are based on the conservation of mass and energy equations.
2.1. Definition of the system
The studied system is composed of solar panels, a TES based on PCM, and a heat pump, as illustrated in Fig.
1. The system is divided in three circuits. The first, connecting the solar facade to the buffer tank, is made up
of glycol. The second circuit, connecting the thermal battery to the heat pump, is composed of water. An air
heater is integrated in parallel with the solar storage to supply heat to the heat pump when the temperature
of the thermal battery is not high enough. The last circuit, also made of water, connects the PCM battery for
heating and domestic hot water (DHW) to the heat pump.

Figure 1: Global diagram of the solar assisted heat pump with thermal battery based on PCM.

The solar facade is composed of unglazed thermal panels (Batisol®) [11, 12], developed by Nobatek/INEF
4 [13]. The dimensions of the PCM-based storage are 0.4 m x 0.4 m x 0.4 m (Fig. 2a). The heat pump
can produce both low temperature heating and DHW for a building application. The same thermal battery is
used for the DHW and buffer tanks. Only the PCM changes between the two batteries, to match the desired
temperature level. For the buffer tank, a mixture of 61.5% capric acid and 38.5% lauric acid (C-L acid) is used.
Its melting temperature is 291.95 K. For the heating PCM battery, octadecanol is prefered. Indeed, its melting
temperature is 332.46. The thermophysical properties of these materials are depicted in Table 1.



Table 1: Thermophysical properties of C-L acid [14] and octadecanol.

Name Value for C-L acid Value for octadecanol Unit
Tm 291.95 332.46 K
L 140.8 · 103 208.45 · 103 J/kg

ρPCM 897.5 850 kg/m3

cp,l 1970 1750 J/kg/K
cp,s 2240 2150 J/kg/K
λs 0.143 0.301 W/m/K
λl 0.139 0.205 W/m/K

2.2. Model of the Batisol® panels
The model of the thermal solar facade was described previously by Bouzouidja et al. [15]. From the time-
varying input parameters, taken from a weather file, and the operating parameters, the temperature at the
panel outlet is determined [15]:

Tout ,sol =
Tin,sol · ṁ · cp,H + α · Asol · (0.5 · Tin,sol − Text ) + Gsol · Asol · γ

ṁ · cp,H − 0.5 · α · Asol
(1)

Where Tin,sol and Text are the temperatures at the entrance to the solar facade and outside (K ), Asol the surface
of the solar facade (m2), Gsol the solar flux (W/m2), ṁ the low rate of the Heat Transfer Fluid (HTF) circulating
in the thermal panels (kg/s) and cp,H the specific heat capacity of the hot fluid (glycol) (J/(kg · K )). The
coefficients α and γ have been determined experimentally (γ = 0.63). The first one depends on the wind
speed:

α = −(7.84 + 3 · vwind ) (2)

2.3. Model of the thermal energy storage based on phase change material
In order to model the behaviour of latent heat storage, the following simplifying assumptions have been made:

• Natural convection is neglected. Only conduction is considered,

• No supercooling or superheating,

• Incompressible and Newtonian HTF,

• Kinetic and potential energy variations are neglected,

• Isothermal phase change (Octadecanol is a pure body so this assumption is correct. Since C-L acid is
a mixture, the phase change temperature range is between 291.65 and 292.25 K [16]. As the melting
temperature of this PCM is considered to be 291.95 K, the uncertainty of this assumption is +/- 2%),

• Density variation of PCM neglected during the phase change,

• Thermophysical properties are independent of temperature, but different for liquid and solid phases,

• The storage walls are assumed to be perfectly insulated (adiabatic boundary conditions) (Fig. 2b).

The shape of the thermal battery and its operation are described schematically in Fig. 2. The PCM is placed
between two plates where the HTF circulates. Thus, a symmetry plane is visible in the middle of the battery.
During the charging step, hot fluid is injected into the two plates. During the discharging step, cold fluid
is injected. As a result, the charging and discharging steps are carried out separately. The plates where
circulates the HTF are modelled in one dimension, a plug flow being assumed. The PCM part located between
two plates is modelled in 2D because the heat diffusion operates in axial and longitudinal directions.
Fins are added to the plates to increase the contact area between the PCM and the HTF. To account for the
fins, the effective conductivity of the PCM is expressed as:

λeff = a · λPCM + (1 − a) · λfin = a · (λs + fl · (λl − λs)) + (1 − a) · λfin (3)

Where a is the proportion of PCM in the volume under consideration (−), λPCM , λs, λl et λfin are respectively
the thermal conductivities of the PCM, the solid and liquid phases of the PCM and the fins (W/m/K ), and fl
the liquid fraction of the PCM (−).
The enthalpy, the temperature and the liquid fraction of the PCM (according to x and y), and the temperature
of the hot HTF (according to y) are determined with 4 to 11.



Figure 2: Diagram of the dimensions of the PCM-based thermal battery (a), and diagram of the PCM-based
thermal battery with two plates for the charging and discharging steps (b).

• Exchanges between the HTF (hot or cold) and the PCM:

For hot fluid:

ρH · V · cp,H
∂TH

∂t
− ṁH · cp,H · ∂TH

∂y
· P = hH · A · (TH − TPCM ) + λH · V · ∂

2TH

∂y2 (4)

For cold fluid:

ρC · V · cp,C
∂TC

∂t
+ ṁC · cp,C · ∂TC

∂y
· P = hC · A · (TC − TPCM ) + λC · V · ∂

2TC

∂y2 (5)

• Exchanges in the PCM:

∂HPCM

∂t
=
∂λeff

∂x
· ∂TPCM

∂x
+
∂λeff

∂y
· ∂TPCM

∂y
+ λeff ·

∂2TPCM

∂x2 + λeff ·
∂2TPCM

∂y2 (6)

HPCM (TPCM ) = fl ·Hl +(1− fl ) ·Hs = ρPCM · ((cp,s + fl · (cp,l −cp,s)) ·TPCM +L · fl − fl · (cp,s + fl · (cp,l −cp,s)) ·Tm) (7)

fl =


0 for HPCM < Hs

HPCM−Hs
Hl−Hs

1 for HPCM > Hl

(8)

• Boundary conditions for the PCM in contact with hot (during charging step) or cold (during dis-
charging step) HTF:

For hot fluid (for x = 0 and 0.4 m):

hH · (TH − TPCM ) = −λeff
∂TPCM

∂x
for x = 0 m and hH · (TH − TPCM ) = λeff

∂TPCM

∂x
for x = 0.4 m (9)

For cold fluid (for x = 0 and 0.4 m):

hC · (TC − TPCM ) = −λeff
∂TPCM

∂x
for x = 0 m and hC · (TC − TPCM ) = λeff

∂TPCM

∂x
for x = 0.4 m (10)

• Boundary conditions for the PCM in contact with the outside (adiabatic conditions):

λeff
∂TPCM

∂y
= 0 for y = 0 and 0.4 m (11)

• Initial conditions: All temperatures are fixed at 283.15 K. The enthalpy of the PCM is determined by 7
at 283.15 K. The liquid fraction is considered equal to 0.



Where hH and hC are the convective exchange coefficients of the hot and cold fluid respectively (W/m2/K ), TH ,
TC , TPCM and Tm are the hot and cold temperature, the temperature of the PCM and the melting temperature
of the PCM, L the latent heat (J/kg), ρMCP the PCM density (kg/m3), cp,l and cp,s are the specific heat capacity
of the liquid and solid phases respectively (J/kg/K ), P the exchange perimeter (m), A the exchange area (m2)
and V the volume of the representative element considered (m3). The convective exchange coefficients are
determined from the Nusselt number, assuming that the wall thickness of the plate is very thin and therefore
negligible.
The boundary conditions of the thermal battery depend on the configuration studied. Four scenarios have
been investigated. Firstly, the profile of hot temperature entering the thermal battery follows a step. In a second
stage, it is a trapezoidal function. Finally, the battery based on PCM is connected to the Batisol® panels and
two periods of 8 days are simulated: winter (from January 1 to 8) and summer (from July 1 to 8). In the latter
two cases, the profile of the outlet temperature of the solar panels is used as input to the PCM:

TH (x , y = 0.4, t) = Tout ,sol (12)

2.4. Resolution of the differential algebraic equations and software used
The software used to model the system is OpenModelica v1.18.0. The Modelica library (v3.2.3) is consid-
ered. The spatial discretisation is performed manually while the temporal discretisation is performed via the
DASSL integrator available on OpenModelica. The tolerance used in the DASSL integrator is 10−6. For the
PCM-battery model, equations are discretised using an explicit second-order discretisation scheme with finite
differences. For the boundary conditions (9 to 11), second-order decentred schemes are used.

3. Results and Discussion
This section is divided into three parts. The first one aims at studying the behaviour of PCM-based TES for
a hot inlet temperature profile following a ramp (case 1). The second part investigates the behaviour of the
system under trapezoidal loads (case 2). Finally, the battery is connected to the Batisol® solar facade and
an 8-day simulation is performed for two periods of the year: from 1 to 8 January (winter, case 3) and from 1
to 8 July (summer, case 4). The hot HTF temperatures investigated at the buffer tank inlet are shown in Fig.
3. The colours red, green, blue and yellow refer to cases 1, 2, 3 and 4 respectively. For the next figures, the
coordinates (x = y = 0 m) are placed at the bottom left of the PCM in Fig. 2.

Figure 3: Four hot temperatures profiles considered at the input of the PCM-based TES battery.

The simulation times are relatively fast for simulating 8 days (6.912 · 10−5 s) on a standard laptop (processor:
12th Gen Intel®Core(TM) i7-12700H 2.69 GHz and RAM: 32 Go). They amount to 30 s and 2 min for cases
1 and 2 respectively. When the weather file is used and the Batisol® thermal panel model is added, the
simulation times are slightly longer but remain below 5 min.
3.1. Profile of the hot inlet temperature following a step
For the case 1, the input temperature profile follows a ramp from 283.15 to 363.15 K in the first second of the
simulation. The evolution of the liquid fraction and the temperature of the PCM in the tank are studied in Fig.
4 over time for the first slice of PCM in contact with the hot plate (for x = 0 m), according to the vertical. The
colours purple, green and red refer to the high (y = 0.4 m), middle (y = 0.2 m) and low (y = 0 m) parts of the
PCM respectively. Solid lines are used for the temperature and dashed lines are preferred for the liquid fraction.
The same marking and colour code will be used in the following sections. Initially, the PCM is in the solid state



(fl = 0) at 283.15 K. Its temperature increases until it reaches the melting temperature (291.95 K) at 18.2 s for y
= 18 (in purple), the top of the PCM in contact with the hot plate. This temperature is reached at 20.8 s for the
middle of the PCM (in green), and 23.2 s for the bottom of the PCM (in red). From these times onwards, the
temperature of the PCM remains constant while the liquid fraction increases until it reaches unity, indicating
that all the PCM has changed from the solid to the liquid state. This event occurs at 78.0, 82.1 and 87.5 s for
the top, middle and bottom of the PCM respectively. From then on, the liquid fraction remains constant and the
temperature of the PCM gradually increases, while approaching the temperature of the hot HTF.

Figure 4: Case 1: Temperature and liquid fraction evolution for the first PCM layer in contact with the hot plate
(x = 0 m) and for y = 0, 0.2 and 0.4 m.

The evolution of these two variables has also been studied for different values of x in Fig. 5. As the battery
is symmetrical, only the coordinates at x = 0 (in red), 0.06 (in yellow) and 0.2 m (in green) are presented for
the sake of clarity. In this case, the profiles are clearly different. The phase change from solid to liquid state is
clearly visible for the first layer in contact with the hot plate. For x = 0.06 m, the temperature evolves linearly
without reaching the melting temperature. As a result, the liquid fraction remains constant and equal to zero.
For the PCM in the middle of the battery (x = 0.2 m), the temperature remains almost constant (283.15 K),
indicating that the heat has not reached the core of the battery in 150 s.

Figure 5: Case 1: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and 0.2
m) for the PCM layer in the middle (y = 0.2 m).

Figures 4 and 5 show the interest of considering a 2D model for PCM tank, according to longitudinal (x) and
vertical (y) directions, since the temperatures in the PCM are different in both directions.
3.2. Profile of the hot inlet temperature following a trapezoidal function
Before studying the thermal behaviour of the storage connected to the solar facade, a trapezoidal function is
used to simulate the evolution of the hot temperature at the battery inlet (Fig. 3). The period of this function
is decomposed on 28800 s of width, 16200 s of rising , 7200 s of width, 14400 s of falling, for a total period
of 86400 s. The temperature and liquid fraction are studied as before, for the first slice in contact with the hot



plate (for x = 0 m) (Fig. 6), and the slice in the middle of the PCM (for y = 0.2 m) (Fig. 7). The same evolution
as for the ramping test is observed. In a first step, the temperature of the PCM increases until it reaches the
melting temperature of the PCM (at 30634 s) (Fig. 6a). Then the liquid fraction increases until it reaches unity
(Fig. 6b). At this point (31049 s), the temperature of the PCM increases again (Fig. 6a). The temperature of
the PCM follows the temperature of the hot HTF at the battery inlet, with an average difference of less than 6%.
In order to store as much heat as possible and not send it to the solar circuit, it can be interesting to stop the
charging step when the temperature of the PCM becomes higher than that of the hot coolant. Figure 6 shows
that this moment occurs at 52200 s.

Figure 6: Case 2: Temperature and liquid fraction evolution for the first PCM layer in contact with the hot plate
(x = 0 m) and for y = 0.2 m (a), focus on the phase change between 30634 and 31049 s (b).

Figure 7a shows the evolution of the temperature and liquid fraction of the PCM in the longitudinal direction (x
= 0, 0.06 and 0.2 m) for the PCM layer at y = 0.2 m. The difference in temperature is clearly visible for the three
curves. The further the PCM is from the hot plates, the lower its temperature and the longer the phase change
takes. The heat propagation is thus clearly visible along the PCM. The core of the PCM (x = 0.2 m in green)
takes the longest time to melt, but also to solidify as the hot inlet temperature decreases. The change from
liquid to solid state is thus much longer (13 times longer) than for the PCM layers closer to the hot plate. For
the yellow curve (x = 0.06 m), after the phase change, slight instabilities are visible in the PCM temperature.
This must be due to the discretisation step and/or the discretisation scheme, whose order should be increased
to be more accurate, and/or the DASSL integrator whose tolerance must be increased. The phase change
step is significantly larger for x = 0.2 m. This is because the heat propagates from layer to layer. During the
phase change of a PCM layer, all the energy required to achieve the phase change is absorbed. Therefore,
for the liquid fraction of the layer x = 0.2 m to fluctuate, the liquid fractions of the previous layers must already
have reached an equilibrium (solid or liquid state). This is illustrated in Fig. 7b, which shows a zoom of the
transition from solid to liquid state (between 31000 and 35000 s) for the layers x = 0 (in red), 0.02 (in purple),
0.04 (in blue) and 0.06 m (in yellow). It can be seen that the liquid fraction of the next layer increases when the
liquid fraction of the layer under consideration has reached 1. As a result, even if the melting temperature of
the PCM has been reached for a PCM layer, it is necessary to wait until the change of state has taken place in
the layers closer to the hot plates before the phase change begins in the PCM layer.
3.3. Profile of the hot inlet temperature following the outlet temperature of the Bati-

sol® panels
When the PCM-based storage is connected to the Batisol® thermal panels, the temperature of the inlet hot
HTF is calculated by 1. The surface area of the thermal panels is 25.5 m2 (5 m wide by 5.1 m long). The
surface area consists of 16 panels with 24 channels. Meteorological data from Cholet (next to Nantes) in
2021, in the northwest of France, are used. Figure 8 presents the evolution of the solar power and the outdoor
temperature for the 2 periods (winter and summer) considered. The solar power amounts to 112 W/m2 over
the 8 winter days considered, whereas over the summer period considered this value is 2.5 times higher. The
average outdoor temperature is 280 K and in summer 291.83 K. These two periods were chosen to represent
different types of days, with more or less sunshine and wind, cold or hot outside temperatures (Fig. 8). In
addition, 8-day periods were considered in order to determine the capacity of the battery to store heat during
renewable energy intermittencies and day/night alternations.



Figure 7: Case 2: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and 0.2
m) for the PCM layer in the middle (y = 0.2 m) (a), focus on the phase change of the first four PCM layer (from
x = 0 to 0.06 m) (b).

Figure 8: Cases 3 and 4: Evolution of solar power and outdoor temperature over the 8 days studied in winter
and summer.

3.3.1. Winter period

The winter period chosen to simulate the behaviour of the PCM battery is from January 1 at 0am to January 8
at 23pm. In order to simplify the understanding of the graphs over longer periods (8 days), only the temperature
and liquid fraction of the middle cell (y = 0.2 m) of the layer in contact with the hot plate (x = 0 m) are considered
in Fig. 9. Over the 8 days simulated, the temperature at the exit of the solar facade is only higher than the
melting temperature of the PCM on four days (Fig. 3). The PCM temperature exceeds the melting temperature
only on January 1, 2, 3 and 7, as shown in Fig. 9. Indeed, the liquid fraction remains zero except between
11.15am and 4.5pm on January 1st, between 12.4pm and 16pm on January 2, between 14pm and 15.15pm on
January 3, between and 13pm and 15.5pm on January 7. On other days, the PCM never reaches the melting
temperature. Nevertheless, heat is stored in the solid state, as with sensible TES but with low efficiency. Fig.
9 shows that it is important to choose a material with a melting temperature that is not too high in order to take
advantage of the phase change. If the melting temperature was 298.15 K (291.95 K for C-L acid), the PCM
would not have changed state during the winter period under consideration. As a result, the use of PCM-based
storage would not be interesting.
The temperature of the PCM in contact with the hot plate is almost as high as that of the hot HTF at the inlet,
with an average difference of 0.3% over the 8 days. Figure 10a shows the evolution of the temperature and
liquid fraction for the PCM layer at y = 0.2 m and for x = 0 (in red), 0.06 (in yellow) and 0.2 m (in green). As
seen earlier, the temperatures are lower and lower from the outside of the PCM towards the inside. Indeed,



Figure 9: Cases 3 and 4: Temperature and liquid fraction evolution for the first PCM layer in contact with the
hot plate (x = 0 m) and for y = 0.2 m.

the green curves show that the PCM has not changed state in the middle of the thermal battery. Furthermore,
Fig. 10 shows the heat propagation along the PCM, with lower temperatures at the ends of the PCM, after
the hot temperature at the inlet is decreased (after 60000 s). In general, the heat propagates well in the PCM,
since the temperature differences between the different layers of PCM in the hot HTF are less than 0.8%. The
instabilities visible at x = 0 and 0.06 m are due to the slight change in temperature at the outlet of the thermal
panels (red dotted line in Fig. 10a), which of course depends on the weather conditions. These instabilities
appear at the extremities of the PCM close to the hot plates (such as at x = 0 and 0.06 m) but not at the centre
of the PCM (at x = 0.2 m). As seen previously, the liquid fraction of the x = 0.2 m layer remains zero while the
melting temperature has been reached (291.95 K at 53100 s). This is due to the liquid fractions of the layers
closer to the hot plate, which have not all reached unity. The output temperature of the solar panels decreases
from 47483 s onwards, and consequently the energy supplied to the PCM. As a result, the middle layer (x =
0.2 m) has not received enough energy to make its phase change. Figure 10b is a zoom of the phase change
(solid to liquid) in Fig. 10a. Before a layer changes phase, it is necessary that the liquid fraction of the previous
layer has reached unity. Figure 10b shows this clearly, with the increase from 0 to 1 in the liquid fraction at x =
0 m (38900 to 40440 s), then that at x = 0.02 s (40440 to 42747 s), then that at x = 0.04 m (42747 to 44826 s)
and finally that at x = 0.06 m (44826 to 47470 s).

Figure 10: Case 3: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and
0.2 m) for the PCM layer in the middle (y = 0.2 m) (a), focus on the phase change of the first four PCM layer
(from x = 0 to 0.06 m) (b).

3.3.2. Summer period

The summer period chosen to simulate the behaviour of the PCM battery is from July 1 at 0am to January 8 at
23pm. The temperature and liquid fraction at x = 0 m and y = 0.2 m are shown in the same figure as the winter
period (Fig. 9). The temperature of the hot HTF at the storage inlet is significantly higher than during the winter



period (up to 340 K vs 296 K as illustrated in Fig. 3). The differences between the maximum temperatures
expected by the hot fluid at the outlet of the thermal panels range from 2% (January 7 and July 7) to 16%
(January 8 and July 8). On average the temperatures are 8% higher in summer. As a result, the behaviour
of the PCM is also different between winter and summer periods, with phase changes occurring less often in
winter. The advantage of using PCM in summer is therefore much greater, since it is possible to limit the size
of the battery thanks to the change in the state of the material, unlike the use of sensible storage. Even on less
sunny days such as July 6, when the temperature of the hot HTF does not exceed 297 K, there is enough heat
to allow the PCM to change state. The PCM remains in a liquid state longer than in winter, between 7am and
midnight on average over the 8 days considered.
As for the winter period, the difference between the temperature of the PCM in contact with the plate and
that of the hot HTF is small (0.5% difference on average over the 8 days). Figure 11a shows the evolution
of the temperature and liquid fraction for the PCM layer at y = 0.2 m and for x = 0. (in red), 0.06 (in yellow)
and 0.2 m (in green). The temperature differences from the outside to the inside of the PCM are also clearly
visible. From 16.4pm onwards, the temperature of the PCM in the core of the battery is higher than that of
the PCM in contact with the hot plate. It would therefore be interesting to stop the charging step and start the
discharging step by switching the hot (solar system) and cold (heat pump) inputs. The same instabilities as for
winter period appear in Fig. 11a for the same reasons (small fluctuations of the temperature at the outlet of the
thermal panels due to climatic conditions). The phase change zoom of the first four layers is illustrated in Fig.
11b (for x = 0 (in red), 0.02 (in purple), 0.04 (in blue) and 0.06 m (in yellow)).

Figure 11: Case 4: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and
0.2 m) for the PCM layer in the middle (y = 0.2 m) (a), focus on the phase change of the first four PCM layers
(from x = 0 to 0.06 m) (b).

The energy stored by the thermal battery for the two periods considered (winter and summer) is given in Table
2. During the winter period under consideration, the average stored energy is 164 Wh per day. In summer,
this value is 6 times higher. The sunniest days (January 1st in winter and July 8 in summer) store 5 to 7.5
times more energy than the days less suitable for thermal collectors (January 6 and July 6). On average, the
PCM battery can store 2.6 kWh/m3 per day of energy in winter and 6.6 kWh/m3 for January 1st. In summer
this value reaches 15.1 kWh/m3 per day on average and 29.3 kWh/m3 for July 8. The benefit of PCM is clearly
visible in summer, with almost 6 times more energy stored by the battery than in winter, partly due to the more
frequent phase changes.

Table 2: Energy stored in the thermal battery per day (Wh).

Period Minimal value Maximal value Mean
Winter 56 (January 6) 423 (January 1st) 164

Summer 385 (July 6) 1877 (July 8) 964

4. Conclusion
A dynamic model of a SAHP based on the use of thermal panels (Batisol®) and a latent heat storage was
presented. This system aims to provide the heating and domestic hot water needs of a building. The TES is



composed of a PCM contained between two plates where HTF circulate. During the charging step, the hot
HTF is fed by the thermal panels. During the discharging step, the direction of the fluid is reversed and the cold
HTF is fed by the heat pump.
The thermal behaviour of the PCM tank is studied for four different profiles of the charging temperature: ramp-
ing, trapezoidal functions, temperature at the outlet of the thermal panels in winter (from January 1 to 8) and
in summer (from July 1 to 8). The simulations carried out in OpenModelica showed the behaviour of the PCM
during the phase change. The developed model showed the importance of choosing a PCM with a melting
temperature range suitable for the studied application. In winter, only the sunniest days allows the PCM to melt
while in summer the phase change occurs every day. On average, this thermal battery can store 6.6 and 15.1
kWh/m3 per day of energy in winter and summer respectively.
The simulations showed that the 2D model of the system is necessary to take into account the horizontal and
vertical temperature variations in the battery. This model will be further validated with experimental data. It will
also allow the development and the validation of a simpler model. The final goal will be to optimise the SAHP
system on its operational parameters with the simpler model.
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Nomenclature

Letter symbols

a proportion of PCM in the volume considered,

A exchange surface, m2

cp specific capacity, J/(kgK)

fl liquid fraction,

Gsol solar flux, W/m2

h heat transfer coefficient, W/m2K

H enthalpy (including sensible and latent forms), J/m3

L latent heat, J/kg

ṁ mass flow rate, kg/s

P exchange perimeter, m

T temperature, K

vwind wind speed, m/s

V exchange volume, m3

Greek symbols

λ thermal conductivity, W/m/K

ρ density, kg/m3

Subscripts and superscripts

C Cold HTF

eff Effective

ext Exterior/Outdoor

fin Fin

H Hot HTF



in In

l Liquid phase

m Melting

out Out

PCM PCM

s Solid phase

sol Solar
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pour préchauffage de l’eau. In: Kjelstrup S., Hustad E., Gundersen T., Røsjorde A., Tsatsaronis G.,
editors. ECOS 2005: Proceedings of the 18th International Conference on Efficiency, Cost, Optimization,
Simulation, and Environmental Impact of Energy Systems; 2016 Jun 20-25; Trondheim, Norway. Tapir
Academic Press:777-84.

[13] Nobatek/INEF 4. BATISOL: Capteurs solaires thermiques - solutions Nobatek/INEF 4 Available at: https:
//www.nobatek.inef4.com/batisol/ [accessed 03.09.2023].

[14] Dimaano MNR, Watanabe T. The capric–lauric acid and pentadecane combination as phase change
material for cooling applications. Appl Therm Eng. 2002 Mar 1;22(4):365–77.

[15] Bouzouidja R, Aketouane Z, Lhomer R, Varela B, Cruz JL, Serra S, Reneaume J.M., Sempey A. Choice of
the Suitable Melting Temperature of Phase Change Material: Application on Solar Assisted Heat Pump.
In: 2022 IEEE 10th International Conference on Smart Energy Grid Engineering (SEGE). 2022. p. 58–62.

[16] Kauranen P, Peippo K, Lund PD. An organic PCM storage system with adjustable melting temperature.
Sol Energy. 1991 Jan 1;46(5):275–8.

https://www.nobatek.inef4.com/batisol/
https://www.nobatek.inef4.com/batisol/


PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

Role of energy storage in residential energy 
demand decarbonization: system-level techno-

economic comparison of low-carbon heating and 
cooling solutions 

Marko Aunedia, Andreas V. Olympiosb, Antonio M. Pantaleoc,d, Matthias 
Mersche and Christos N. Markidesf 

a Imperial College London, UK, m.aunedi@imperial.ac.uk, CA 
b Imperial College London, UK, a.olympios18@imperial.ac.uk  

c Imperial College London, UK, a.pantaleo@imperial.ac.uk  
d University of Bari, Italy, antonio.pantaleo@uniba.it  

e Imperial College London, UK, m.mersch@imperial.ac.uk  
f Imperial College London, UK, c.markides@imperial.ac.uk  

Abstract: 

This paper explores various combinations of electric heat pumps (EHPs), hydrogen boilers (HBs), electric 
boilers (EBs), hydrogen absorption heat pumps (AHPs) and energy storage technologies (electric and thermal) 
to assess their potential for matching heating and cooling demand at low cost and with low carbon footprint. 
Thermodynamic and component-costing models of various heating and cooling technologies are integrated 
into a whole-energy system cost optimisation model to determine cost-effective configurations of heating and 
cooling systems that minimise the overall investment and operation cost for both the system and the end-user. 
Case studies presented in the paper focus on two archetypal systems that differ in terms of heating and cooling 
demand and availability profiles of solar and wind generation. The proposed approach quantifies how the cost-
efficient portfolios of low-carbon heating and cooling solutions are driven by the characteristics of the system 
such as share of variable renewables or heating and cooling demand. Modelling results suggest that capacity 
choices for heating and cooling technologies will vary significantly depending on system properties. More 
specifically, air-to-air EHPs, with their cost and efficiency advantages over air-to-water EHPs, could make a 
significant contribution to low-carbon heat supply as well as cooling, although their contribution may be 
constrained by the compatibility with existing heating systems. They are found to be a useful supplementary 
source of space heating that is able to displace between 20 and 33 GWth of capacity of other heating 
technologies compared to the case where they do not contribute to space heating. 

Keywords: 

Heat decarbonisation; Cooling; Heat pumps; Energy storage; Hydrogen. 

1. Introduction 
An increasing number of countries and regions worldwide have committed to net-zero carbon emission targets, 
including the United Kingdom (UK) [1] and the European Union (EU) [2], who aim to reach net-zero by 2050. 
Reaching this target will require widespread decarbonisation across all sectors of the economy [3], including 
the residential energy sector, which accounts for over one-third of global carbon emissions [4]. 

A large portion of carbon emissions from the residential sector can be attributed to heating, which is predominantly 
supplied by natural gas boilers in many countries. In the UK for example, gas boilers account for more than 85 % 
of domestic heat supply [5]. The main low-carbon alternatives are electrically-driven vapour-compression heat 
pumps, which have seen a large market growth in recent years [6]. Electric heat pumps (EHPs) do however depend 
on a decarbonised electricity supply to realise their emission reduction potential [7]. Alternatives are hydrogen 
boilers (HBs) [8] or hydrogen-fired absorption heat pumps (AHPs) [9], which require a supply of low-carbon 
hydrogen, or solar-thermal heating systems, which typically require a backup heating system. 

In addition to space heating and hot water, provision of space cooling is becoming increasingly relevant. It 
already constitutes a significant share of energy demand in warmer climates, with the demand also increasing 
in moderate climate countries, such as in central Europe, as the average temperatures increase and extreme 
heat waves become more frequent [10]. Over the last decade, energy demand for space cooling increased 
more than twice as fast as the overall energy demand in buildings. Higher temperatures caused by climate 
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change [11], coupled with increasing incomes and growing populations, are driving rapid growth in residential 
cooling, with the share of households with air conditioning increasing globally from 25% in 2010 to 35% in 
2021 and estimated to increase further to 45% by 2030 [12]. As reported in [13], some 2 to 4 billion people 
could be exposed to heat stress due to lack of effective indoor cooling, giving rise to multiple risk factors for 
heat-related illnesses [14]. 

It is also recognised that access to effective cooling (and heating) does not need to come at the expense of 
the environment if it is pursued through clean technologies. Residential cooling can account for a large share 
of peak electricity demand in critical periods of the year [15], potentially causing outages or requiring costly 
upgrades to energy infrastructure. These could be mitigated by demand response strategies, integration of 
energy storage assets and other sector coupling based solutions. IEA’s Net Zero Emissions by 2050 Scenario 
[16] sets three space cooling-related goals: (i) 20% of existing buildings and all new buildings net zero by 2030, 
(ii) cooling set-point moderated in the range of 24-25°C, and (iii) average efficiency of new cooling devices 
increased by at least 50% by 2030.  

EHPs come in various types and with various heat-source and sink fluids [17]. Space cooling has been 
traditionally provided by conventional electrically driven air-conditioning units [18], which are mostly able to only 
pump heat in one direction (i.e., to be only used for cooling). However, air-conditioning units are fundamentally 
air-to-air (AA) EHPs, and recently, almost all new commercially available AA EHPs are designed to be 
reversible [19]. This means that they can be used to provide both space heating and cooling, depending on the 
given weather. Naturally, however, air-to-air heat pumps cannot provide hot water.  

At the same time, space heating can also be provided by air-to-water (AW) EHPs, which use water as the heat 
sink fluid. In this case, the heat is transferred to air using radiators. The advantage of AW EHPs is that they can 
also provide domestic hot water (which is often required at a temperature close to that required by modern 
radiators) [20], but unlike AA EHPs, they cannot be used to provide space cooling directly (additional equipment 
like ducts would be required in that case).  

Large-scale electrification of heating and cooling will significantly increase national electricity demands. 
Moreover, it will increase seasonal differences in load, as heating and cooling demands are primarily driven 
by the ambient temperature. Therefore, it is expected that, in cold countries, electricity load in winter will be 
significantly higher, especially during peak hours. Similarly, hot countries are expected to have high electricity 
loads in the summer. In the UK context, Quiggin and Buswell [21] predicted an increase in peak electricity 
demand of 55 GW as a result of heating electrification, while Hoseinpoori et al. [22] expect that the peak 
demand may increase by up to 170% by 2050. It has been shown that energy storage, both at household-level 
and whole-energy system level, alongside other means of flexibility can help reduce necessary investments in 
low-carbon power generation capacity and therefore deliver decarbonisation objectives at a lower cost [23]. 

At the household level, energy storage typically comes in the form of thermal energy storage via hot water 
tanks or other sensible heat options, or more advanced approaches via thermochemical storage, phase 
change materials, building thermal inertia or molecular storage, which offers potential for inter-seasonal 
storage with extremely low energy losses [24,25]. In the case of storage integration to EHP, such storage could 
be in the form of thermal energy (to achieve higher seasonal COP due to the night-day temperature lift 
fluctuations) or electric energy, enabling demand response capabilities and withdrawal of electricity during off 
peak periods. In both cases, the strategy is to decouple heat demand of the household and electricity demand 
of the heat pump, thus allowing households to shift their demand to off-peak hours to level the electricity 
demand profile [20]. At the whole-system level, a distinction is typically made between short-term and long-
term energy storage. Short-term storage is valuable for quick load balancing and grid stability [26], while long-
term storage can provide large quantities of dispatchable generation for multiple hours or even days. The 
conventional large-scale energy storage technology is pumped-hydro storage, but further development 
potential is limited. Instead, novel storage technologies such as compressed-air energy storage [27], hydrogen 
storage [28] or large-scale batteries [29] show promise for application in future decarbonised energy systems. 

This paper aims to provide a quantitative framework for identifying cost-optimal portfolios of heating and 
cooling technologies, including electrically driven technologies (i.e., AW EHPs and reversible AA EHPs) and 
hydrogen-driven technologies (HBs and AHPs) that can provide heating and cooling. Cost-optimisation is 
carried out from the whole-system cost perspective, including investment and operation cost of energy 
production, storage and end-use technologies. Heating demand is hereby distinguished between space 
heating, space cooling and domestic hot water demand. One of the main novelties of this specific work is the 
fact that, for the first time, the two types of EHPs (AW and AA) are included in the energy system optimisation 
framework, allowing the investigation of energy-system implications, and discussing transition cost trade-offs 
between different technological options in the context of simultaneously decarbonising residential heating and 
cooling. Additionally, the impact of long-duration energy storage is also explored as a means to reduce the 
impact of heat electrification on the electricity system. 

The methodology used to identify energy-system implications of different heating technologies and the 
description of the techno-economic models is provided in Section 2. Energy-system results are provided in 
Section 3 and Conclusions are provided in Section 4. 



2. Method 
This section presents the key features of the energy system model that is applied to identifying cost-efficient 
portfolios of low-carbon heating and cooling technologies. This is followed by the description of the techno-
economic models of heating and cooling technologies that have been used in the energy system model. The 
section concludes with the summary of key assumptions and scenarios used in the analysis. 

2.1. Energy system model with decarbonised heating and cooling 

The model presented in this section represents an upgraded version of the energy system model presented in 
[30]. This model optimises the total investment and operation cost of a carbon-constrained energy system, 
including electricity and hydrogen production and storage technologies, as well as the key techno-economic 
features of end-use heating and cooling technologies. The objective of the model is to minimise the overall 
cost of delivering electricity, heat, and cooling to end-consumers. Some features of the model that are not 
central for this paper have been omitted from the formulation due to space constraints. 

Key extensions to the energy system model, when compared to [30], include: a) explicit consideration of 
investment decisions into end-use technologies for cooling; b) adding AA EHP to the portfolio of end-use 
heating and cooling technologies that the model can invest in; and c) distinguishing between heat demand for 
space heating (SH) and for hot water (HW), as well as between heat outputs from various technology to supply 
these two heat demands. 

2.1.1. Objective function 

The model minimises the total system cost, which contains terms associated with: a) investment in electricity 
generation and storage and the associated operation cost (𝜑el), b) investment in hydrogen production and 

storage with associated operation cost including, if relevant, hydrogen import cost (𝜑H2
), and c) investment 

cost in end-use technologies for low-carbon heating and cooling (𝜑heat−cool): 

 min 𝑧 = 𝜑el + 𝜑H2
+ 𝜑heat−cool (1) 

Terms representing the electricity sector and hydrogen sector costs are formulated in the same way as in [30]. 
The electricity cost includes investment cost of generation assets and battery energy storage systems (BESS) 
as well as generators’ operating cost, while the hydrogen sector cost includes the investment and operation costs 
of electrolysers, methane reformers and hydrogen storage, as well as the cost of hydrogen imports. This ensures 
that the cost of supplying electricity and hydrogen to low-carbon heating and cooling systems are not fixed input 
parameters into the calculation, but rather endogenously integrated into the cost-minimisation model by explicitly 
representing all investment and operation cost categories associated with electricity and hydrogen supply. 

The investment cost of end-use heating and cooling technologies 𝜑heat−cool includes the cost of investment 

into heating and cooling assets, which is the product of the capacity decision variable 𝜇 and per unit cost 𝜋 for 
AW EHP, AA EHP, EB, HB, AHP and TES assets: 

 𝜑heat−cool = 𝜋AW𝜇AW + 𝜋AA𝜇AA + 𝜋EB𝜇EB + 𝜋HB𝜇HB + 𝜋AHP𝜇AHP + 𝜋TES𝜇TES (2) 

Note that the operating cost of low-carbon heating and cooling technologies is implicitly considered through 
electricity and hydrogen balance equations. 

2.1.2. Energy balance constraints 

The balance constraint for power supply and demand stipulates that in each time interval 𝑡 the total electricity 

supply, which consists of the total electricity generation (𝑝gen) plus net electrical storage output (𝑝dch
bs − 𝑝ch

bs), 

needs to match total demand across various categories, which include electrified heating (𝑝𝑡
AW, 𝑝𝑡

AA and 𝑝𝑡
EB) 

but also other non-heat segments such as baseline system demand, appliance and EV demand (𝑑𝑘
el), and 

electricity demand for operating methane reformers and electrolysers, which is expressed as the product of 

their hydrogen output 𝜉 and specific electricity consumption 𝐿el: 

 
∑ 𝑝𝑔,𝑡

gen

𝐺

𝑔=1

+ ∑(𝑝dch,𝑠,𝑡
bs − 𝑝ch,𝑠,𝑡

bs )

𝑆

𝑠=1

= ∑ 𝑑𝑘,𝑡
el

𝐾

𝑘=1

+ 𝑝𝑡
AW + 𝑝𝑡

AA + 𝑝𝑡
EB + ∑ 𝐿𝑟

el𝜉𝑟,𝑡
ref

𝑅

𝑟=1

+ ∑ 𝐿𝑒
el𝜉𝑒,𝑡

elH2

𝐸

𝑒=1

 (3) 

Hydrogen balance constraint (4) ensures that the total hydrogen supply from electrolysers (𝜉elH2), reformers 

(𝜉ref) and imports (𝜉imp) matches the total demand for each 𝑡, including non-heat demand for hydrogen (Ξext), 

demand from HBs and AHPs (𝜉HB  and 𝜉AHP), consumption of hydrogen power generators (𝜉gen) and net 

hydrogen storage operation (𝜉ch
hs − 𝜉dch

hs ): 
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𝑅

𝑟=1
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𝑈

𝑢=1

+ 𝜉𝑡
HB + 𝜉𝑡

AHP + 𝜉𝑡
gen

+ Ξ𝑡
ext (4) 



2.1.3. Energy production and storage constraints 

The model also includes standard constraints for conventional and variable renewable generation, which are 
omitted here to avoid repetition. These constraints include limits on allowed new capacity of generation 
technologies, unit commitment and output constraints, operating cost constraints including no-load cost, 
variable cost and start-up cost, annual output limits and dynamic constraints (ramping, start-up, reserve, 
response and inertia). This part of model formulation is described in more detail in [35]. In a similar way, 
standard constraints on hydrogen production and storage are implemented as presented in [36]. 

2.1.4. Constraints on end-use heating and cooling technologies 

End-use heat balance is represented separately for space heating and hot water (given that some technologies, 
such as AA EHP, can only provide one of those). The space heating constraint (5) ensures that the net space 
heating output of all technologies, expressed as the product of either hydrogen or electricity consumption and 

the relevant COP or efficiency coefficient 𝜂, or in case of TES as net discharging, meets the SH demand 𝑋sh: 

 𝑝𝑡
AW,sh𝜂𝑡

AW + 𝑝𝑡
AA,sh𝜂𝑡

AA,sh + 𝑝𝑡
EB,sh + 𝜉𝑡

HB,sh𝜂HB + 𝜉𝑡
AHP,sh𝜂𝑡

AHP + ℎdch,𝑡
TES,sh − ℎch,𝑡

TES,sh = 𝑋𝑡
sh (5) 

Expression (6) does the same for hot water demand 𝑋hw ; note that this constraint does not include any 
contribution from AA EHP, as it was assumed that they cannot be used to supply hot water. 

 𝑝𝑡
AW,hw𝜂𝑡

AW + 𝑝𝑡
EB,hw + 𝜉𝑡

HB,hw𝜂HB + 𝜉𝑡
AHP,hw𝜂𝑡

AHP + ℎdch,𝑡
TES,hw − ℎch,𝑡

TES,hw = 𝑋𝑡
hw (6) 

Finally, cooling demand balance is very straightforward as it assumes only AA EHPs can meet residential 

cooling demand 𝑋cl (note that cooling COP for AA EHPs, 𝜂AA,cl, may be different from heating COP 𝜂AA,sh): 

 𝑝𝑡
AA,cl𝜂𝑡

AA,cl = 𝑋𝑡
cl (7) 

Upper bounds on heating and cooling technology outputs limit their total output (which is the sum of space 
heating, hot water and cooling outputs, as applicable to different technologies) to the level of their installed 
heating capacity 𝜇, which is ensured through constraints (8)-(10). Note that all heat technology capacities 𝜇 
are expressed as heat output rates, except AA EHPs, where the capacity is expressed in terms of cooling 
output. Also note that the COP values for AA EHPs are differentiated between space heating and cooling, 
while for all other technologies the same COP applied for all types of heat output. 

 
(𝑝𝑡

AW,sh + 𝑝𝑡
AW,hw)𝜂𝑡

AW ≤ 𝜇AW,
𝑝𝑡

AA,sh𝜂𝑡
AA,sh

𝑊HC
AA + 𝑝𝑡

AA,cl𝜂𝑡
AA,cl ≤ 𝜇AA, 𝑝𝑡

EB,sh + 𝑝𝑡
EB,hw ≤ 𝜇EB (8) 

 (𝜉𝑡
HB,sh + 𝜉𝑡

HB,hw)𝜂HB ≤ 𝜇HB, (𝜉𝑡
AHP,sh + 𝜉𝑡

AHP,hw)𝜂𝑡
AHP ≤ 𝜇AHP (9) 

 ℎdch,𝑡
TES,sh + ℎdch,𝑡

TES,hw ≤ 𝜇TES, ℎch,𝑡
TES,sh + ℎch,𝑡

TES,hw ≤ 𝜇TES (10) 

Coefficient 𝑊HC
AA in (8) denotes the ratio between heating and cooling capacity for AA EHPs, which in this study 

was assumed to be equal to 1.2. 

Given that AA EHPs can provide space heating through hot air rather than hot water, it was assumed that they 
cannot produce excess heat output to be stored in TES, but rather to only meet a proportion of instantaneous 
heat demand. This is ensured through constraint (11): 

 𝑝𝑡
AA,sh𝜂𝑡

AA,sh ≤ 𝑋𝑡
sh (11) 

TES balance and energy limit constraints are implemented using expressions (12) and (13), where 𝑞TES is the 

State-of-Charge (SOC) of TES, 𝜏  is its duration, 𝜂ch
TES  and 𝜂dch

TES  are charging and discharging efficiencies, 

respectively, 𝛼loss
TES is the hourly loss rate, and Δ is the duration of the unit time interval: 

 
𝑞𝑡

TES = 𝑞𝑡−1
TES(1 − 𝛼loss

TESΔ) + Δ [𝜂ch
TES (ℎch,𝑡

TES,sh + ℎch,𝑡
TES,hw) −

1

𝜂dch
TES

(ℎdch,𝑡
TES,sh + ℎdch,𝑡

TES,hw)] (12) 

 𝑞𝑡
TES ≤ 𝜇TES𝜏TES (13) 

2.1.5. System-wide constraints 

Total carbon emissions in the energy system result from the operation of thermal generators and methane 
reformers. An annual system-wide carbon emission target is implemented as in [30], while the system reliability 
constraints are also included in the model as in [35]. 

2.2. Techno-economic models of end-use heating and cooling technologies 

In this work, detailed techno-economic models of AW EHPs, AW AHPs, EBs and HBs previously developed by 
the authors in Refs [17] and [30] are used to estimate the cost of heating and cooling technologies as a function 
of size and their performance as a function of the outside temperature. In addition to these, comprehensive data 
has been now collected to also properly model AA EHPs. The characteristics of these technologies are integrated 



within the energy system model so that key technology attributes are adequately represented, allowing for an 
informed comparison of heating and cooling options from an energy system perspective.  

EHPs in households are mainly made of four components: a condenser, an expansion valve, an evaporator and 
an electricity-driven compressor. The process involves heat being absorbed from a certain heat source, 
transferred to a working fluid (often referred to as refrigerant) in the evaporator. This is followed by the 
compression of the vapour working fluid, the temperature and pressure of which are raised during this process 
until it is condensed. Heat is then transferred to a heat sink fluid, which is used to satisfy the heat demand. The 
working fluid is lastly passed through an expansion valve, a process which reduces its temperature and pressure, 
and the cycle is then repeated. AHPs, like EHPs, involve a condenser, an expansion valve and an evaporator. 
The only difference is that the electricity-driven compressor is replaced by an absorption cycle, meaning that the 
main source of energy in an AHP is heat.  

For all technology models, steady-state operation of components and negligible heat and pressure losses in 
heat exchangers and pipes are assumed. Both performance and cost estimates are validated using data 
obtained from UK manufacturers in the case of EHPs, where for AHPs the performance was validated against 
relevant previous studies. A simplified thermodynamic model was used to estimate the performance of the HB, 
while an efficiency of 100% was assumed for the EB. Unlike in previous work [30], EHPs are now separated 
in AW EHPs, which can provide space heating and hot water (but not space cooling), and AA EHPs, which 
can provide space heating and space cooling (but not hot water). It should be mentioned that an AW EHP 
could also provide cooling assuming ductwork and other equipment is installed, but this option is not common 
in residential applications and is not considered in this study.  

Heat pump performance is often measured by the coefficient of performance (COP), which is a measure of the 

ratio between heat output and energy input. For EHPs, energy input is in the form of electricity �̇�in, while for 

hydrogen-driven AHPs, it in the form of heat �̇�in coming from a hydrogen boiler. Similarly, boiler efficiency is the 

ratio of heat output to energy input, where the latter is in the form of electricity for EBs and hydrogen fuel �̇�fuel for 
HBs. Technology performance is described by Eqs. (14)-(17): 

 
𝐶𝑂𝑃EHP =

�̇�EHP

�̇�in

 (14) 

 
𝐶𝑂𝑃AHP =

�̇�AHP

�̇�in

 
(15) 

 
𝜂EB =

�̇�EB

�̇�in

 
(16) 

 
𝜂HB =

�̇�HB

�̇�fuel

 
(17) 

The specific price of heating and cooling technologies is shown as a function of heat output at nominal operating 
conditions in Figure 1. The prices for AW EHP, AHP, EB and HB are estimated using the validated component-
costing models and manufacturer data as in Ref. [30]. For AA EHPs, data has been collected for more than 
75 currently commercially available units and a best-fit line based on power regression is generated. Installation 
costs are not included in Figure 1, but are set to be equal to £2,200 for all investigated HPs and £1,400 for all 
investigated boilers. All prices include VAT (20%). 

 

Figure 1. Specific price of heating and cooling technologies as a function of heat output at nominal operating 
conditions. Prices include VAT. 



Heat pump COP is plotted as a function of outside air temperature for different HP types in Figure 2. For the 
AW EHP and AHP options, the hot-water delivery temperature is assumed to be equal to 55 °C, while the 
performance curves for heating and cooling of the AA EHP assume an indoor target air temperature of 21°C. 
The efficiencies of EB and HB are also shown for comparison purposes.  

It is interesting to note the significantly lower cost and higher performance of AA EHPs when compared to AW 
EHPs. The cost difference is attributed to the need for additional components when installing AW EHPs, as well 
as the larger surface area required to transfer low-temperature heat to radiators and then to air. However, AA 
heat pumps have the disadvantage of requiring a separate system for hot water, while they may be often 
accompanied with noise and air-movement issues which may impact end-users and require careful consideration. 

   

 (a) (b) 

Figure 2. Heat pump COP or boiler efficiency as a function of outside air temperature for (a) heating; and 
(b) cooling. For heating using AW electric HP or absorption HP, a hot-water delivery temperature of 55 °C is 
assumed. For heating and cooling using AA electric HP, an indoor target air temperature of 21 °C is assumed. 

2.3. Key assumptions and system scenarios 

This section discusses the key features of energy system scenarios used in the study and assumptions on the 
demand for end-use heating and cooling. 

2.3.1. Archetypal energy systems 

One of the main objectives of the paper is to study the impact of system characteristics on cost-efficient 
portfolios of low-carbon heating and cooling technologies. To that end, two archetypal energy systems are 
assumed in the study, North and South, similarly to the approach in [30]. Size of both systems has been chosen 
to approximately correspond to the size of the UK electricity system, with an annual demand of 400 TWhel. 
The two archetypal systems have the following key distinctive features: 

1. North system represents a simplified version of the UK energy system, characterised by cooler climate 
conditions, which has a much higher residential heating demand (142 TWhth for SH and 43 TWhth for 
HW) than the South system (30 TWhth for SH and 21 TWhth for HW), which is broadly modelled to 
resemble a southern European country. Peak heat demand was also much higher in the North than in 
the South, as illustrated in the heat Load Duration Curves (LDCs) for the two systems in Figure 3. At 
the same time the energy demand for cooling energy was assumed to be about 10 times higher in the 
South (203 TWhth) than in the North (19 TWhth). LDCs for cooling demand are also shown in Figure 3. 

2. Availability profiles for renewable generation are assumed to be different between the two systems, 
with the wind utilisation factor in the North significantly higher than in the South (58% vs. 35%), and 
the solar PV utilisation factor in the North much lower than in the South (11% vs. 24%). As a result, 
the nominal Levelised Cost of Electricity (LCOE) of wind and PV in the North was £43/MWhel and 
£56/MWhel, respectively, while in the South the same LCOEs were £39/MWhel and £25/MWhel. 

In each case study the model cost-optimised the supply of low-carbon heating and cooling to 15.7 million 
residential customers by investing in end-use technologies including AW EHPs, AA EHPs, AHPs, EBs, HBs 
and TES. Any electricity or hydrogen demand for residential heating was subject to optimisation by the model, 
depending on investment choices for end-use technologies. Additionally, it was also assumed the system 



needs to supply a hydrogen demand of 97.5 TWh annually to meet the hydrogen requirements outside the 
residential heating sector, such as in the industrial and transport sectors. 

In all studies both systems are cost-optimised with the objective to achieve net zero carbon emissions. The 
model can meet this target by investing in a range of production technologies (both zero-carbon and positive-
carbon) as well as in carbon offsets in the form of electricity generation using Bioenergy with Carbon Capture 
and Storage (BECCS). In all cases the energy system is modelled in hourly resolution as a single node system, 
i.e., ignoring the transmission, interconnection or distribution networks. 

 

Figure 3. Load duration curves (LDCs) for hourly heat and cooling demand in North and South systems. 

The assumed price of natural gas for power generation and H2 production was £21.8/MWh, while hydrogen 
import was also assumed to be available (in addition to production) at the price of £100/MWh. District heat 
networks or industrial heat demand were not included in the scope of this analysis. 

2.3.2. Space heating and hot water demand modelling 

Household-level heating and cooling technologies are optimised for a typical UK household, which was identified 
by applying a k-means clustering method to the Cambridge Housing Model [31] data set, which contains detailed 
information on the UK building stock. The data set only provides annual values for space heating and domestic 
hot water demand, however, hourly demand values are required as model inputs. For space heating, the 
methodology of Watson et al. [32] is used to disaggregate the demand. The daily space heating demand is 
determined from a correlation with the daily mean ambient temperature. It is then distributed to the individual 
hours using the daily profile for the coldest range presented by Watson et al. [32], as it was deemed to be the 
most representative of pure space heating demand. For domestic hot water, the daily hot water flowrate profile 
of Herrando et al. [33] is applied. The flowrate is then converted into an energy demand by assuming a hot water 

delivery temperature of 55 °C and a monthly-varying cold water mains temperature according to [34]. 

UK-representative space heating and hot water demand profiles were used in the North archetypal system, as 
well as representative cooling demand profiles for the UK. In the South system, all heating demand was scaled 
down according to temperature fluctuations that are representative for Greece, while at the same time cooling 
demand was scaled upward in the same way. Daily average values for COP for various heating and cooling 
technologies for the North and South annual temperature profiles (obtained based on Figure 2) are shown in 
Figure 4. As expected, due to generally lower temperatures, the North system is characterised by higher COP 
values for cooling but lower COPs for heating. There is also a noticeable COP advantage when using AA 
EHPs to provide space heating rather than AW EHPs, although as discussed elsewhere in the paper using AA 
EHPs for space heating may not be practical, especially in colder climates. 

The assumed costs of low-carbon heat options were based on the analysis presented in the previous section 
and on typical asset sizes, as follows (note that these figures include both the component costs from Figure 1 
and the relevant installation cost): 

• AA EHP: £578/kWth 

• AW EHP: £300/kWth 

• AHP: £638/kWth 

• EB: £139/kWth 

• HB: £98/kWth 

• TES: £75/kWhth 

In addition to the upfront investment cost, it was also assumed that all assets require an annual maintenance 
cost in the amount of £35/kWth/yr for all HP and boiler technologies, and £20/kWth/yr for TES. Asset lifetime 



was assumed to be 20 years for AA EHPs, AW EHPs and AHPs and 15 years for EBs, HBs and TES. A 5% 
interest rate has been assumed for all heating technologies to convert overnight cost into annualised values 
required by the model. The assumed duration of TES (the ratio between energy capacity and heat charge and 
discharge rate) was 3 hours. 

 

Figure 4. Values of Coefficient of Performance for various heating and cooling technologies in North and 
South systems. 

2.3.3. Case studies 

Main case studies run for both the North and South archetypal energy systems with a net-zero caron target 
include: 

• Unlimited: no limits to provision of space heating (SH) from AA EHPs 

• No SH from AA EHPs: no SH allowed from AA EHPs 

• AA SH 30%: share of AA EHPs in SH limited to 30% 

• AA SH 20%: share of AA EHPs in SH limited to 20% 

• AA SH 10%: share of AA EHPs in SH limited to 10% 

The main purpose of these studies is to explore the potential contribution of various heating technologies, and in 
particular AA EHPs, to space heating under different assumptions and constraints. The reason for this is that 
although AA EHPs could potentially offer a competitive alternative to AW EHPs with high COP values for heating, 
there are several practical barriers for their widespread deployment in countries such as the UK. These include 
space constraints, multiple room installations, difficult integration with existing heating systems and radiators etc. 
For that reason, AA EHPs are often seen as a possible top-up source of space heating rather than a bulk source 
of heat, and the range of case studies listed above is an attempt to explore how various levels of contribution of 
AA EHPs to space heating affect the overall portfolio of end-use heating technologies. 

In addition to the case studies above, another set of modelling runs was carried out to study the impact of 
peakiness of heat demand, where the heat profiles used in this study were replaced with peakier heat demand 
profiles used in [30], in order to assess the impact of the shape of the heat profile on the cost-efficient portfolio 
of heating technologies. For illustration, heating profiles used in the main case studies had a peak per 
household of around 4.5 kWth, which is lower than the peak of 7 kWth that was used in the previous study. 
Case studies with higher peak heat demand were only carried out for the two extreme cases, i.e., “Unlimited” 
and “No SH from AA EHPs”. 

The final set of studies assumed that the system also had an option to invest in very low-cost long-duration 
energy storage (LDES). The aim of these studies was to test whether installing LDES in the electricity system 
could help with managing the seasonality of heating and cooling demand. The LDES case studies were also 
run only for the “Unlimited” and “No SH from AA EHPs” scenarios. The cost of LDES in these studies was 
assumed at the level of 100% (£6.5/kWh) and 50% (£3.2/kWh) of the cheapest LDES option identified in [37], 
which was a 120-hour underground Compressed Air Energy Storage (CAES). 

3. Results 
This section discusses the results of various case studies aimed at establishing cost-efficient portfolios of low-
carbon heating and cooling technologies across different system conditions and scenarios. More specifically, 
the case studies presented here focus on the following aspects: 



• Impact of system geography, reflected in the volumes of heating and cooling demand and in the 
availability profiles of wind and solar PV generation; 

• Impact of availability of AA EHPs for space heating; 

• Impact of availability of low-cost long-duration electricity storage (LDES); 

• Impact of heat demand profile, i.e., the level of peak demand for space heating. 

Key modelling results presented in this section focus on the cost-optimal capacity mix of low-carbon heating 
and cooling technologies and the annual volumes of supplied heat and cooling from different technologies. 

3.1. Cost-efficient portfolios of end-use heating and cooling technologies in 
baseline scenarios 

Results for the cost-optimal compositions of heating and cooling portfolios across the main case studies for 
the North and South systems are shown in Figure 5. Not surprisingly, a significant volume of AA EHP capacity 
is added across all case studies as it represents the only option to supply cooling demand. This capacity is at 
least 24 GWth in the North and 104 GWth in the South system. In the “Unlimited” scenarios in the North the 
model adds even more AA EHPs than the minimum required for cooling, around 43 GWth, as it represents a 
more cost-efficient option than installing AW EHPs. Such high capacity is sufficient to cover almost the entire 
space heat demand in the “Unlimited” scenarios for the North and South systems. Given that AA EHPs cannot 
provide hot water, a relatively small volume of AW EHPs and TES (as well as some HBs in the North) is 
installed to ensure that hot water demand is met. 

In the other extreme, where AA EHPs are not used to provide any space heating, the heat demand is met 
through a mix of AW EHPs (49 GWth in the North, 13 GWth in the South), EBs (3 GWth and 15 GWth), HBs 
(10 GWth and 5 GWth) and TES (8 GWth and 6 GWth). Due to their higher investment cost, AW EHPs are 
installed to operate as baseload heat source, meeting most of the heat requirements, while boilers and TES 
are used as peak heat sources. AHPs are not chosen as part of the cost-optimal portfolio in any case studies 
due to their high assumed investment cost. 

 

Figure 5. Cost-optimal capacities of low-carbon heating and cooling technologies for various scenarios in 
North and South systems. 

In case studies where AA EHPs were allowed to contribute between 10% and 30% of the annual space heating 
demand, the model installed a significantly higher capacity of AW EHPs than in the “Unlimited” scenarios, but 
lower than in the opposite extreme without contribution of AA EHPs to SH, as it was now possible to use AA 
EHPs as a peaking technology instead of boilers or TES. In the North system, reducing the target contribution 
of AA EHPs to heat supply also reduced their capacity to 24 GWth, the minimum needed to meet cooling load. 

Finally, it needs to be noted that the case studies with low-cost LDES available for investment in the electricity 
system did not yield any change in system investment decisions including the investment in end-use heating 
and cooling technologies. In other words, even at a low cost the model did not decide to invest in LDES, 
resulting in the same investment decisions as in the case studies without LDES. 

3.2. Share of various technologies in heating and cooling supply in baseline 
scenarios 

Figure 6 shows the split of annual supply of space heating (SH), hot water (HW) and cooling between different 
technologies. Supply of cooling is very straightforward as it was assumed that only one technology (AA EHPs) 
can meet cooling demand. 



In both North and South systems most of the HW demand is supplied using AW EHPs, which is the most 
efficient technology for converting electricity into heat for HW supply (note that AA EHPs were not assumed to 
be able to supply HW). In scenarios with no SH from AA EHPs there is some supply of HW from EBs and HBs, 
although their share in HW supply is well below 10%. 

The mix of SH supply on the other hand varies significantly across different scenarios. In the “Unlimited” scenarios 
the contribution to of AA EHPs to space heating is between 93% (South) and 96% (North), while the remainder 
is supplied by AW EHPs. As the share of AA EHPs in SH supply is gradually constrained to 30%, 20%, 10% and 
0% of total SH demand, the share of AW EHPs expectedly increases to make up for the shortfall, as does the 
installed AW EHP capacity (see Figure 5). When the share of AA EHPs in SH supply drops to zero, some of the 
SH is also supplied from boiler technologies (mostly from EBs), at the level of 2% in the North and 17% in the 
South. Higher share of EBs in heat supply in the South can be explained by the availability of low-cost electricity 
from solar PV in the South, allowing for inexpensive supply of electricity to EBs. 

 

Figure 6. Annual output of low-carbon heating and cooling technologies for various scenarios in North and 
South systems. 

In all North scenarios and the 0% scenario in the South there is also a visible contribution of TES to total SH 
and HW supply, at the level of up to 6% of total heat in the North and 14% in the South. Note, however, that 
due to cycle losses associated with charging and discharging TES, it effectively represents a net heat demand. 

3.3. Impact of heat demand profiles 

Sensitivity studies with higher peak heat demand resulted in cost-optimal portfolios of end-use technologies 
shown in Figure 7. Higher peak heat demand did not affect the technology portfolio in the “Unlimited” scenario 
in the South, while in the North the capacity of AA EHPs increases by 9 GWth as it is used to contribute to 
meeting the higher peaks in heating demand. 

 

Figure 7. Cost-optimal capacities of low-carbon heating and cooling technologies for various peak heat 
demand scenarios in North and South systems. 



In the scenarios with the AA EHP share in SH supply constrained to 0% there are more notable differences in 
the cost-optimal technology portfolios. In the South system, where the SH demand is several times lower than in 
the North, the main change is that the higher peak requires a slightly higher capacity of HBs (9 vs. 5 GWth) and 
TES (9 vs. 6 GWth) than in the baseline studies, while the capacities of other technologies remain the same. 

In the North system, however, the SH peak demand is much higher and therefore the composition of end-use 
heating technologies changes to a much greater extent. Peakier demand makes AW EHPs slightly less 
economically attractive due to their cost structure (high investment cost but relatively low operation cost), so 
their capacity reduces from 49 to 40 GWth. At the same time, higher peaks make technologies such as boilers 
(with lower investment cost but higher operating cost) more attractive, so their total capacity increases from 
13 to 14 GW. Nevertheless, the greatest change is observed in the capacity of TES, which increases from 8 
to 39 GWth. This indicates that TES is the preferred end-use option to meet high peak demand through 
discharging heat, while being recharged during off-peak periods using the heat produced by AW EHPs. 

4. Conclusion 
This paper formulated an approach for making cost-optimal selection of low-carbon heating and cooling 
technologies from the system perspective, looking at two archetypal systems, North and South, with different 
heating and cooling demand characteristics as well as different availability profiles for variable renewables. The 
modelling included various boiler technologies, thermal energy storage and heat pumps, including a distinction 
between two types of EHPs (Air-to-Water and Air-to-Air), into the energy system optimisation framework. 

Case studies presented in the paper show that a cost-optimal portfolio of end-use heating and cooling options will 
greatly depend on the characteristics of the system where they are deployed, both in terms of typical heating and 
cooling demand patterns, but also with respect to the availability of low-cost variable renewable generation. The 
results suggest that AA EHPs, with their cost and efficiency advantages over AW EHPs, could make a significant 
contribution to the future low-carbon heat supply in addition to cooling, although their share of heat supply may be 
constrained by several factors such as compatibility with incumbent heating systems or the need for multiple unit 
installations. Nevertheless, they could be used as an efficient top-up source of space heating in addition to AW 
EHPs, displacing some of the need for electric or hydrogen boilers, as well as thermal energy storage. 

Note that the presented approach considers the aggregate heating/cooling sector, and therefore does not 
suggest an appropriate mix of technologies for an individual household. Given the variety of heat requirements 
across different customers and the diversity of heat demand, different households would install different 
portfolios of technologies depending on their specific circumstances, including their individual heat demand 
patterns, willingness to adopt new low-carbon technologies, and the household income profile. Future work in 
this area will focus on the effects of diversity and extreme weather on capacity requirements for low-carbon 
heating and cooling technologies, where higher peaks during extreme weather conditions may require more 
peaking capacity. 
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AA EHP Air-to-air electric heat pump HB Hydrogen boiler 
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BECCS Bioenergy with carbon capture and storage IEA International Energy Agency 

BESS Battery energy storage system LCOE Levelised Cost of electricity 

CAES Compressed air energy storage LDC Load duration curve 

COP Coefficient of performance LDES Long-duration energy storage 

EB Electric boiler SH Space heating 

EHP Electric heat pump SOC State of charge 

EU European Union TES Thermal energy storage 

EV Electric vehicle UK United Kingdom 

HB Hydrogen boiler   
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Abstract:
Packed beds are essential components for future utility-scale long duration energy storage, such as A-CAES
and Carnot batteries, and are expected to operate under a large variety of operating conditions. The operating
behaviour can be visualised compactly within Ragone plots, which show the extractable energy over a range of
discharge powers. They can additionally demonstrate the effect of different operational limits. Ragone plots are
a well-known framework within electrochemical energy storage, but have not been applied to packed bed ther-
mal energy storage. In this work, Ragone plots of packed beds are developed, to quantify off-design behaviour
and the energy-power trade-off. For this purpose, a one-dimensional, two-phase, transient, Schumann-style
model for a non-pressurized packed bed is implemented in the modelling language Modelica. It is charged up
to a nominal thermal energy of 100 MWh and subsequently discharged with two different discharge regimes,
namely a constant mass flow discharge or a constant heat tranfer rate discharge. The shape of the obtained
Ragone plots is characterised by limited self-discharge and little decline in available energy at high constant
mass flow discharges. The enforcement of the mass flow limit and imperfect heat transfer dynamics lead to a
residual thermal energy within the storage, which can be extracted at lower heat transfer rates. Analogies to
electrochemical energy storage are drawn, where polarisation causes a conceptually similar residual energy.

Keywords:
Energy Storage, Packed Bed, Thermal Energy Storage, Ragone plots, Energy-Power relations

1. Introduction
In this paper, a packed bed thermal energy storage (TES) is studied and characterised within the Ragone plot
framework and analogies between electrochemical energy storage are demonstrated. This is important since
packed beds are considered strong contenders for TES components in future long-duration energy storage,
such as Carnot batteries [1], compressed air energy storage (CAES) [2] and in the decarbonisation of industrial
heat [3], due to their favourable characteristics. These characteristics include excellent heat transfer, low
material costs, a low environmental impact, a high operational temperature range and high output temperature
levels, due to thermal stratification. The study of packed beds has attracted considerable research attention,
especially their modelling [4,5], parametric optimisation [6] and performance aspects [7].
The Ragone plot shows the available energy as a function of discharge power and thus characterises the
inherent energy-power trade-off of energy storage [8]. It is a very fundamental relation and can be construed
as a “common language” of energy storage [9]. The characterisation of packed beds within this framework
therefore enables the direct comparison with different energy storage technologies, across their respective
fields.
The Ragone plot was first introduced by David Ragone in 1968 [10], and over the following years established
itself a concept in the field of electrochemical energy storage, e.g. batteries and supercapacitors. They have
recently also been applied in the field of TES (and associated technologies). Latent heat TES has been
characterised with Ragone plots by [11–13]. Of these, Woods et. al. [12] presents a comprehensive Ragone
plot analysis of different phase change materials. Here, the energy-power trade-off in a finite volume is shown,
whereby heat transfer is improved at the cost of energy capacity. The publication lays the foundation for Ragone
plot characterisation of TES as standalone components. The thermal energy is extracted at different constant
heat transfer rates q̇, as the thermal equivalent to electric power.
Christen [9] characterised pumped thermal energy storage (PTES) with both latent and sensible TES via
Ragone plots. Here the TES is not characterised directly, but as a component within electric energy storage.



The analysis employs endoreversible thermodynamics [14] (perfect heat engine with irreversible heat transfer)
to estimate the electric power delivered. Further, a lumped-model approach is used, which means there
is no spatial temperature variation. This implies perfect mixing within the sensible TES, where the output
temperature decays during the entire discharge process. In contrast, in a thermally stratified packed bed, a
high, nearly constant output temperature can be held over the first part of a discharge until thermal front has
migrated towards the outlet. A packed bed therefore lies somewhere between mixed sensible and latent TES
in terms of maintaining high output temperatures, which is beneficial in a thermodynamic power cycle.
The contribution of this paper is to conduct the first analysis of packed beds within the Ragone plot framework,
as this has not been attempted before. For this, a state-of-the-art packed bed model is used. Analogies
between packed bed TES and electrochemical energy storage discharge modes are developed, to effectively
translate the Ragone plot framework. An assessment of off-design performance of packed beds follows, both
in the context of pure thermal energy storage and as a thermal reservoir for a power cycle. The remainder of
the paper is structured as follows: Section 2 describes the methodology of the Ragone plot and the employed
packed bed model. Section 3 shows the obtained results and highlights key findings. Section 4 summarises
the results and derives the conclusion from the presented analysis.

2. Methodology
2.1. The Ragone plot framework and discharge regimes
A Ragone plot essentially is a collection of energy-power value pairs from full discharges of any kind of energy
storage. These value pairs form a Ragone curve or energy-power (E-P) curve. Ragone curves are often
presented as specific values, based on storage mass (gravimetric energy and power density) or on storage
volume (volumetric energy and power density) However, absolute values are also used, depending on what
makes most sense in the given context.
Christen and Carlen [8] have expressed the Ragone curve as stemming from constant-power (CP) discharges,
where a constant power P can be applied to an fully charged energy storage for a finite time tend until an
internal operating limit terminates the discharge. This results in the following E-P relation:

E(P) = P · tend(P) (1)

However, the electrochemical ES community routinely characterises batteries with constant-current (CC) dis-
charges. This does not result in an unambiguous energy-power point, because the power varies in the course
of this type of discharge. In these cases, the E-P value pair for a constant current I is obtained by averaging
the power over the discharge time, resulting in

E(I) = Pave(I) · tend(I) (2)

These two fundamental discharge regimes found in batteries (CC/CP) have direct equivalents in packed bed
TES, which are all shown together for illustration purposes in Fig. 1. All subfigures show the potential variable
of the energy storage (voltage U for the lithium-ion battery and the specific enthalpy difference ∆h of the fluid
at inlet and outlet for the packed bed) and the flow variable (current I for the lithium-ion battery and mass flow
rate ṁ for the packed bed) over the course of the discharge time.
Fig. 1 a) and b) are the respective constant flow discharge regimes. In a CC-discharge of a lithium-ion-battery
in a), the output voltage decays until the discharge is terminated by reaching the predefined operating limit
Umin. The output power P(t) = U(t) · I also decays. Analogously, in Fig. 1 b) ∆h decays during the constant
mass flow discharge (referred to as “CF”-discharge hereafter), until termination at Tmin. Here the potential
variable and flow variable multiplied result in a decaying heat transfer rate q̇(t) = ∆h(t) · ṁ delivered to the
application. The Ragone plot from a CF-discharge of a packed bed can thus be expressed as:

E(ṁ) = q̇ave(ṁ) · tend(ṁ) (3)

To compensate the decaying voltage in lithium-ion batteries, the current can be increased during the discharge
to deliver a constant power, see Fig. 1 c). The packed bed equivalent is increasing the mass flow to compensate
the decaying ∆h and deliver a constant heat transfer rate q̇, referred to as a “CQ”-discharge hereafter. The CP
and CQ discharge regimes have a higher control effort, but are necessary if load-following must be achieved [9].
Here, the discharge can be terminated by reaching a potential variable limit (i.e. Umin or Tmin) or by reaching a
flow variable limit, here Imax or ṁmax. The Ragone plot derived from multiple CQ-discharges become simply:

E(q̇) = q̇ · tend(q̇) (4)

It must be noted, that in [12], the constant heat transfer rate for the latent heat TES Ragone plots is realised by
adjusting the inlet temperature instead of the mass flow. We consider an increase in mass flow better suited for



Figure 1: Equivalent discharge regimes for electrochemical ES, represented here by a lithium-ion battery, in
a) and c) and packed bed TES in b) and d).

this analysis. The adjustment of the inlet temperature premises another heat source/sink apart from the TES
itself, which is deemed impractical. In the course of this analysis, a representative packed bed will be studied
under both CF and CQ discharge regimes.
2.2. Packed bed sizing
The packed bed is sized for a nominal energy capacity Enom = 100 MWh in a top-down design approach, with
inlet temperatures assumed at Tin = Tmax of 550 ◦C during charge and 20 ◦C = Tamb = Tmin for discharge.
The packed bed is considered a non-pressurised rock-air system. The amount of rock mass ms needed is
calculated from [6] as follows:

Enom =
ms

β
· cp,s · (Tmax − Tmin) (5)

The packed bed is oversized by a factor β = 1.5 to prevent energy and exergy lost by exiting hot air, in
accordance to results from Cardenas et. al. [6]. The basic geometry, namely radius r and height H is calculated
via (6) and (7), for an aspect ratio of α = 0.7 [6].

r =
(

ms

2π · α · ρs · (1 − ϵ)

)1/3

(6)

H = 2 · r · α (7)

The nominal discharge time is set at tnom = 10 hours. From this, the nominal mass flow ṁnom can be calculated
via the following simplified relation:

ṁnom =
Enom

tnom · cp,f ·∆T
=

Enom

tnom ·
cp,f(Tmax) + cp,f(Tmin)

2
· (Tmax − Tmin)

2

(8)



The according specific mass flow Gnom is:

Gnom =
ṁnom

2π · r2 (9)

The key design parameters of the packed bed are summarised in Table 1, where the values are colour-coded
according to their degree of freedom in the design process. The design process chronology is from the top to
bottom of the table.

Table 1: Overview over packed bed design parameters, colour-coded according to their degree of freedom in
the design process. With = high degree of freedom, = limited degree of freedom and = resulting value.

Design parameter Unit Value Source
Enom MWh 100
Tmin

◦C 20
Tmax

◦C 550 [4]
solid specific heat capacity cp,s J/kgK 960 [15]

solid density ρs kg/m3 2560 [15]
rock mass ms t 1061.3
aspect ratio α - 0.7 [6]

oversize factor β - 1.5 [6]
porosity ϵ - 0.40 [4]

rock diameter d m 0.02 [4]
radius r m 5.40
height r m 10.80

cross section A m2 91.47
tnom h 10

nominal mass flow ṁnom kg/s 36.33
nominal specific mass flow Gnom kg/sm2 0.3972

The wall is composed of three layers, adopted from [16]: an internal tube, an insulation layer and an outer steel
vessel. Their respective parameters are listed in Table 2.

Table 2: Wall composition of packed bed

Design parameter Unit Tube Insulation Steel vessel
thickness r m 0.001 · 2r 0.05 · 2r 0.001 · 2r

thermal conductivity k W/mK 0.12 0.15 20

2.3. Packed bed model description and validation
The Ragone plot analysis is conducted on the basis of a dynamic physical model of the packed bed, according
to current standard modelling practise. The model is a transient, two-phase, Schumann-style model, widely
used in the study of packed beds. The model is governed by mass conservation and by an separate energy
balance for solid and fluid respectively, linked through the convective heat transfer between fluid and solid. The
model further considers axial conduction through the solid and losses from fluid to ambient. The equations are
taken from [4]. For the fluid phase this is:

ϵ ρf cp,f(Tf) A
∂Tf

∂t
= hV A (Ts − Tf) + cp,f(Tf) G A

∂Tf

∂x
+ Uwall 2π r (Tamb − Tf) (10)

with the volumetric heat transfer coefficient hV from the correlation of Coutier and Faber [15] and the overall
loss coefficient through the wall Uwall. Uwall is calculated as conduction through a multi-layered cylinder wall [19]
with no thermal capacitance of the wall. The convection at the inner wall is from [20], while the convection at
the outer wall is considered as free convection near a vertical surface [18]. For the solid phase the energy
conservation equation is:

(1 − ϵ) ρs cp,s
∂Ts

∂t
= hV (Ts − Tf) + kbed

∂2Ts

∂x2 (11)

with the axial thermal conductivity of packed bed kbed. This is evaluated according to the model of Zehner,
Bauer and Schlünder [18]. The two-phase formulation is important to capture transient effects, i.e. when fluid



and solid are not in thermal equilibrium [17]. The energy E contained in the packed bed is determined via
the temperature of the solid [4] and is given in (12). The pressure loss in the packed bed is calculated via the
Ergun equation [18].

E =
∫ H

0
ρs cp,s A (Ts(x) − Tamb) dx (12)

2.3.1. Implementation

The numerical model is implemented in the acausal, multi-physics modelling language Modelica and solved
within the open source modelling environment OpenModelica. As OpenModelica cannot solve partial differen-
tial equations (PDE), a finite volume discretisation is applied to (10) and (11) to form a set of coupled ordinary
differential equations (ODE), where each control volume is governed by an ODE. The discretisation scheme
and structure of the layer-based equations are adopted from [17]. The temperature-dependent thermodynamic
properties of air are calculated at every point in time with the integrated “ReferenceAir” medium model con-
tained in the Media library. This is a real gas model for dry air in the range of 130 K to 2000 K, based on
Helmholtz equations of state.
2.3.2. Validation

The packed bed model is validated with the experimental data of Meier et. al. [21], further described by
Hänchen et. al. [4], by scaling the model to the geometric dimensions specified. The result is shown in Fig. 2.
The model shows good thermal agreement, but overestimates pressure losses by approx. 10 %, which is a
known effect of the Ergun equation for randomly packed, spherical rock beds [22]. However, the equation is
standard practise [18] and agreement is deemed satisfactory for the scope of this work.

Figure 2: Validation of a) thermocline behaviour and b) pressure drop of the packed bed model with
Uwall = 0.678 W/m2K at 523 K and a bypass flow of 15 % reported in [4]. Comparison with experimental
data from [21]. The model is discretised into 30 layers.

2.4. Consideration of auxiliary components
In a non-pressurised packed bed, airflow is driven by an auxiliary fan/blower and the pressure drop ∆p incurred
through the bed must be compensated [6]. This must be considered in the Ragone plot analysis, because
high mass flows result in higher pressure drops. Additionally, because the mass flow will be varied between
discharges in the CF regime and during the course of a discharge in the CQ regime, a reasonable ṁmax must
be determined. Whether the auxiliary is considered a fan or a blower depends on the pressure ratio, but the
distinction is not clear-cut in literature [23]. For simplification purposes, we only refer to “fan” from this point
onward.
The required auxiliary fan power is expressed as [24]:

Paux =
V̇ ·∆p
ηfan

(13)

with ηfan assumed at 80 % [24] for all operating points. This is a simplification, as the fan will operate in
unsteady, off-design conditions. Even in a constant mass flow CF charge/discharge, the pressure loss to be
compensated varies in the course of the charge/discharge, as the thermodynamic properties of the fluid inside



the packed bed change. This is also confirmed experimentally in Fig 2 b). The off-design behaviour of fans
can be characterised with performance maps, which are usually determined experimentally and are specific to
a fan type and geometry. However, with variable speed drives, satisfactory efficiencies can be achieved over a
large range of mass flows, respective volume flows [24]. Therefore the consideration with a single efficiency is
considerd sufficient and analysis with detailed performance maps is not deemed expedient.
Up to a pressure ratio of 1.3, air can be assumed as a incompressible medium [25], and therefore Paux is
calculated with the volume flow at inlet in 13. This is often viewed as the limit between fans and compres-
sors [25]. This limit adopted here as the maximum allowable fan pressure ratio and higher pressure losses are
a priori deemed impractical. From this condition, a maximum mass flow ṁmax can be iteratively determined
from simulation runs, resulting in ṁmax = 158 kg/s or 4.3 · ṁnom. The maximum specific mass flow is thus
Gmax = 1.727 kg/sm2.

3. Results and Discussion
3.1. Ragone plots from CF-discharge
In a first step, Ragone plots are developed from multiple constant mass flow (CF) discharges, as specified in
Section 2.1. The packed bed is fully charged to nominal energy, then subsequently immediately discharged
until the cut-off temperature is reached. This is repeated multiple times, starting from a mass flow of 0.1 · ṁnom
up to ṁmax = 4.3 · ṁnom. The result is shown in Fig. 3 a) for a cut-off temperature of Tmin = 20 ◦C and in b) for
Tmin = 100 ◦C.

Figure 3: Ragone plots from multiple CF-discharges.

The Ragone curves (in black) show the available thermal energy over the average heat transfer rate. Certain
mass flows are demarcated by dots; these are multiples of the nominal mass flow (conceptually similar to the
C-rate in lithium-ion batteries). Classically, the Ragone curve is shown without any other descriptive elements.
In this case, a novel visualisation is implemented to demonstrate how the Ragone curves are composed. The
area above the curve (thermal energy that cannot be extracted) is color-coded, where red equals energy lost
to environment and blue is residual energy in the storage. Further included is the electric energy required by
the auxiliary fan to achieve the respective mass flows (yellow). This is not subtracted from the Ragone curve,
because it does not lessen the available thermal energy, but is included for reference. It rises sharply for higher
mass flows.
The Ragone curves confirm known packed-bed qualities. Thermal energy can be contained well, even for
long discharge durations at low mass flows, signalled by low losses to the environment. Additionally, higher
mass flows don’t negatively impact available thermal energy to the extent that, e.g. high currents limit available
energy in Li-Ion batteries. The forced convective heat transfer is still very good at high mass flows. Because of
these characteristics, the shape of the Ragone curve in the CF-discharge regime is relatively flat. It is important
to note that thermal front degradation does not show itself in Fig. 3, because the energy content remains the
same and the bed is oversized to the extent that the thermal front degradation does not reach the outlet in the
discharge durations considered.
The location of the Ragone curve on the E-Q plane is largely determined by the cut-off temperature. In Fig. 3 a),
no thermal energy remains in the packed bed, whereas in Fig. 3 b) the higher cut-off temperature moves the
entire Ragone curve downward, resulting in residual thermal energy. This is shown in Fig. 4, for multiple



different Tmin. The residual energy and energy lost to the environment are not included here for visual clarity,
only the auxiliary energy.

Figure 4: Ragone plots with varying cut-off temperature limits Tmin.

One thing that becomes clear in Fig. 4, is that there is no single unique assignment between q̇ave and ṁ.
Depending on Tmin and the resulting discharge end time, a specific ṁ might result in different q̇ave. Secondly,
one can observe a slight decrease in available energy at higher q̇ave. This can be attributed to an effect
that is equivalent to polarisation in lithium-ion batteries. Polarisation is when charge transfer from and into
the electrode cannot keep up with high current demands, resulting in overpotentials [26]. These lead to a
premature termination of discharge and cause a residual energy that can only be extracted at lower currents.
In the packed bed, imperfect heat transfer dynamics at high mass flow rates results in a temperature difference
between fluid and solid. At the end of the discharge, the solid still has a higher temperature, but the fluid outlet
temperature is lower and triggers the discharge cut-off. This effect is shown in Fig.5. It shows the temperature
difference ∆T between solid and fluid, plotted over the specific mass flow G for several different lower cut-off
temperatures.
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Figure 5: Temperature difference ∆T (tend) between solid and fluid at the end of discharge for different Tmin.

From Fig.5 it can be seen that higher mass flows generally result in higher ∆T and thus higher “polarisation”.
But ∆T is also dependent on Tmin. The temperature difference is highest within the thermocline, and stopping
the discharge as the steepest point of the thermocline exits, results in highest ∆T (here at Tmin = 350 ◦C). This
in turn leads to the highest amount of residual energy due to heat transfer limitations.



3.2. Ragone plots from CQ-discharge
In the second part of the analysis, Ragone plots constant heat transfer rate (CQ) discharges are developed,
presented here in Fig. 6. As in Section 3.1., the packed bed is fully charged and immediately discharge until
termination by either reaching the predefined maximum mass flow ṁmax or the cut-off temperature Tmin. This
is repeated for multiple heat transfer rates, with the E-Q value pairs forming the Ragone curve. In 6 a), the

Figure 6: CQ-Ragone plots, curve composition in a) and variation of Tmin.

Ragone plot for Tmin = 20 ◦C shows a very different curve, than its CF-counterpart in Fig. 3 a). Here, the
minimum temperature cut-off does not come into play, because the Ragone curve (in black) is limited by the
maximum mass flow ṁmax in every discharge. As shown in Section 2.1., the mass flow is increases towards
the end of the discharge, to compensate the decaying output. In this case, ṁmax is always reached before
Tmin = 20 ◦C. This cut-off leaves a residual energy (blue) within the storage that can only be extracted at lower
heat transfer rates, even in the case of Tmin = 20 ◦C. The auxiliary energy needed is more evenly distributed,
because the fan only operates at high mass flow rates at the end of the discharge.
Figure 6 b) shows the Ragone curves for different lower temperature limits Tmin. Here, for higher Tmin limits,
the Ragone curves are each composed of two distinct sections, a relatively flat temperature-limited section
and a mass-flow-limited section, where the available energy drops quickly. The mass flow limit forms an outer
enveloping curve for all the Ragone curves.
It must be noted, that the available energy reaches a limit of 0 at q̇max . This is not shown in Fig. 6 b) as it is
not considered an actual practical operating point and the axes are identical to the CF-discharge in Fig. 3 b)
for comparison purposes. At this point E −→ 0, q̇ is only applied for infinitesimally short discharge duration, and
the maximum mass flow limit ṁmax is immediately enforced.
3.3. Packed bed as a thermal reservoir for a power cycle
The Ragone plots presented in Section 3.2. and 3.1. show only available energy and do not differentiate
between exergy and anergy. This energy-based analysis is valid, as packed beds can be utilised purely in a
thermal energy storage context, e.g. in the recuperation of waste heat, that is used to preheat fluid streams at
a later point. If desired, energy quality (i.e. exergy) demands can be encoded in these Ragone plots, by setting
a certain Tmin, but this is a quite roundabout way.
Alternatively, a simple way to evaluate the packed bed as a thermal reservoir for a power cycle is to apply a
Carnot efficiency ηcarnot = 1 − Tout/Tamb to the output, which has been employed by [9]. This is a theoretical
analysis, as there is no consideration of control regimes or any other irreversibilities apart from those included
in the packed bed model, but it is a quick and convenient manner in which to produce electric energy over
power Ragone plots, based on a specific TES. Fig. 7 a) shows the result of such an analysis, where the output
power P is kept constant, until the storage is unable to deliver it and the discharge is terminated. Unlike the
analysis in Section 3.1. and 3.2., the maximum mass flow is set as ṁmax = 1.5ṁnom because the achievable
mass flow variations are more limited in a power cycle.
Here, also E(Pmax) −→ 0, which Christen [9] generally asserted for sensible heat storage. However, the shape
of the Ragone curve is bulged outwards towards higher E and P values, instead of inwards like the mixed
sensible TES [9]. The thermal stratification and good heat transfer of the packed bed enable a higher Carnot
efficiency over a longer part of discharge. This Ragone plot can easily be compared to the E-P relation of other
electric storage technologies, regardless of their functional principle. This is demonstrated in Fig. 7 b), where



Figure 7: a) Ragone plot from CP-discharge of the 100 MWh packed bed via a Carnot engine. b) Gravimetric
Ragone plot of the packed bed-based PTES and comparison to mixed sensible and latent heat PTES from [9],
in addition to a commercial Li-ion battery cell.

the specific-value Ragone curves of perfectly mixed sensible and latent heat PTES from [9] are included for
comparison purposes, in addition to a commercial Li-ion battery cell. It should be noted that the specific-value
Ragone curve of a full Li-ion system with periphery would have lower specific values. The Ragone curve shape
of the packed bed PTES underlines its characteristics, as it shares both the property of mixed sensible heat,
where E(Pmax) −→ 0, but also the convex Ragone curve shape of latent heat. As a storage technology, packed
bed-based PTES have relatively low gravimetric energy and power densities.
3.4. Comments on cyclic stability
Packed bed behaviour is known to reach quasi-stationary cyclic temperature profiles in charge-discharge cy-
cles of constant duration [7]. This is achieved after a certain number of cycles (5-20 cycles is the range typically
found in literature). In the packed bed analysed here, the cyclic stability is reached after ten cycles, as shown
in Fig. 8. Packed bed analyses are often conducted on the basis of these quasi-stationary temperature pro-

Figure 8: Cyclic stability in the packed bed temperature profile: Final temperature Ts(tend) after charge.

files [4, 5, 7], however in case of Ragone plots, we have not integrated this into the analysis. Several issues
arise when applying the cycle stability logic into the Ragone framework. Firstly, the stable temperature profile
is different for every cycle length [7], introducing an additional level of variability. Secondly, the energy in the
packed bed after reaching cyclic thermal stability will differ from the nominal energy. In Fig. 8 it is approx.
25 % higher than Enom. Additionally, the losses incurred along the way by the multiple cycles cannot be cleanly
integrated into a subsequent Ragone plot analysis. Cyclic analysis makes sense in a cyclical load regime,
e.g. storage for concentrated solar power. However in a thermal load-following paradigm or variable discharge



waste heat output, cyclic operation will not be given in any case. And while the Ragone plot also does not cover
all possible load scenarios, its benefit lies in the formulation of a consistent scenario [9] and the comparability
to other storage technologies.

4. Conclusions
The presented analysis aimed to evaluate packed bed TES within the Ragone plot framework and draw analo-
gies to the field of electrochemical energy storage. An exemplary 100 MW packed bed model was sized and
simulated under different discharge regimes. The main conclusions are derived as follows:

• Two discharge regimes are identified for packed beds, namely CF (constant mass flow) and CQ (constant
heat transfer rate), which have direct counterparts (CC and CP) in the field of electrochemical energy
storage.

• The energy-power trade-off of packed beds, quantified here with Ragone plots, is low and the analysed
packed bed shows good performance over a large range of discharge demands.

• Imperfect heat transfer dynamics cause a residual energy in packed beds, that is conceptually equivalent
to polarisation in electrochemical energy storage.

• The Ragone plot framework is well-defined, simple-to-use scenario, that is well-suited for off-design
characterisation of TES. This can be done both within the function as pure thermal energy storage and
as a thermal reservoir for a power cycle. The obtained results can be compared directly and quantitatively
with any other energy storage technology.
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Abstract:
We address two critical environmental and technical problems for the integration of subsurface salt cavern hy-
drogen storage with 100% renewable electricity. First, the storage/production rate of hydrogen must match the
unpredictable pattern of renewable electricity supply and (more predictable) demand for electricity by creating
and strategically locating enough salt caverns. Secondly, creating and maintaining so many salt caverns re-
quires large volumes of fresh/seawater. We develop two static and dynamic models for Denmark as a success-
ful case of wind power development, considering the surplus energy and demand forecasts. The static model
predicts the minimum amount of hydrogen needed for balancing the average annual supply and demand of
electricity and fresh water necessary for the construction of required salt caverns. The model considers all the
round-trip exergy losses of electricity-H2-electricity in the electrolyzers, fuel cells, compressors, and pipelines.
The dynamic model considers the variable supply from wind farms and user demand over time; We also in-
clude the effect of the inertia of the electrolyzers, fuel cells, and compressors, and technical constraints, e.g.
salt cavern pressure and pipeline flow capacity, to design sufficient storage sites that can dynamically balance
the fluctuating supply of renewables and variable user demand. The static model predicts a realistic volume of
salt caverns for storing the surplus green hydrogen; however, in the absence of small-scale storage solutions
(batteries), we show that the number of required caverns and injection/production wells become unrealistically
high, with high energy demand and cost for maintenance water treatment.
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1. Introduction
The unprecedented consequences of climate change caused by greenhouse gases emissions and the geopo-
litical circumstances have increased investments on renewable energy production to limit the environmental
impact while maintaining the energy security. The increasing penetration of intermittent renewable energy
sources, i.e., wind and solar, in the energy production mix stresses the necessity of finding storage solutions
to cope with their intrinsic intermittency and unpredictability. In a fully renewable scenario, it is necessary to
evaluate which are the most convenient and relevant solutions for storage. Here, we address these concerns
focusing on the salt cavern storage of green hydrogen integrated in the electricity supply of Denmark. Differ-
ent solutions for energy storage exist (Figure 1), with different storage capacity and power rating (i.e. energy
charge and discharge per unit time). Many of these technologies are already available commercially, while
some others are in lower Technology Readiness Level (TRL).

Figure 1: Classification of electrical energy storage systems according to energy form (a); Comparison of
rated power, energy content and discharge time of different EES technologies (b), own representation based
on (International Eletrotechnical Commission (IEC), 2011).

Electrochemical technologies cover the majority (over 85% as 2016 new installation data) of the new energy



storage solutions, with the Li-Ion technology being the predominant one. Research and development is focused
on increasing the number of charge cycles (i.e. the number of times the battery can charge and discharge),
reducing production costs and tackling the recycling problem. Different technologies are available, e.g., NaS
(Sodium Sulphur), NaNiCl2 (Sodium Nickel Chloride), Pb-Acid (Lead-Acid), Li-Ion (Lithium Ions), Ni-MH (Nickel
metal hybrid), Ni-Cd (Nickel-Cadmium), and flow batteries, all with a general common issue of not presenting
sufficiently high energy densities to be considered for large storage systems. Second type of technologies is
Thermal Energy Storage (TES). All TES technologies are based on the usage of thermal energy as mechanism
of storing energy [5]: MSTES (Molten Salt thermal energy storage) is the most used TES technology; it has
good heat transfer properties and relatively low cost; drawback is the usage of corrosive salts and the necessity
of maintaining a minimum temperature value to avoid the solidification of the salts. PCM (Latent-phase change
material) is based on the latent heat stored by phase change material; as TCS this technology is still in
a development stage. TCS (Thermochemical storage) where heat or cold is stored by means of different
chemical reactants; as PCM, it is in a development stage. SHS (Sensible Heat storage) is another possibility
to store energy through sensible heat storage; this storage can be done through the usage of solid materials
(like sand, concrete or similar materials [4]) or liquid materials (most common used is water, fundamental in
the solar thermal systems [11]). TES technologies are mainly in development stage so they do not represent
at the moment a suitable solution for our purpose. The most exploited large-scale technologies for energy
storage are based on storage of energy through gravity (for hydro) and pressure (for CAES) [4] [8]. These
technologies allow high long-term energy storage capacities but present major drawbacks as high investment
costs (for civil constructions), high environmental impact (especially hydro), not widely available conditions for
their construction and high inertia of the system (charge-discharge process) compared to electrochemical or
electrical storage technologies. Electrical storage technologies, like SMES (superconduction magnetic energy
storage), Capacitors and Supercapacitors, allow high power densities and really fast charge/discharge times
(as well as response times) but they have low energy density so they are not useful for large-scale energy
storage purposes. Here, we focus on green hydrogen that has a higher energy density compared to TES
and CAES, and can be stored in much larger scales in the safe subsurface salt caverns. The technology is
mature, but the current research is generally focused on the capacity and safety of storage. Consequently, the
production rate that is critical to the integration of hydrogen storage in the energy networks, has not received
considerable attention specially on its technical aspects. We will, therefore, focus on the dynamic behaviour
of salt cavern storage and production of hydrogen in the Danish future electricity network to further investigate
the technical obstacles of integrating salt caverns in a realistic safe and resilient energy supply and demand
scenario.

2. Materials and Methods
The base of this project is the analysis of salt caverns hydrogen storage solutions to permit the switch to a
completely renewable energy-based society. To cover the entire energy demand curve with only resources
like wind or solar it is necessary to consider a storage solution that is able to cope with the intermittency and
unpredictability of the renewable supply. The analysed storage solution is artificial subsurface salt caverns:
the calculations have started with an estimation of the amount of hydrogen that must be produced to cover the
demand. Once completed, it has been possible to calculate the required salt caverns volume that had to be
artificially created.
This type of static analysis has been carried out considering initially a simplified model. In this model a limited
number of cities and storage locations has been considered and their positioning and connections have been
manually evaluated. This method will be explained in the dedicated section 3.1.. The consequences of the
functioning of the system in terms of behaviour over time, with a set of defined assumptions, will be instead
analyzed in the second dedicated paragraph 3.3.. The case study related to Danish 2050’s wind production
and demand projections starts with the simplified model case.

3. Case Study
3.1. Simplified Model
In order to proceed in the study and evaluation of the simplified model it has been necessary to make few
assumptions:

1. No limits on number and dimension of wind farms that can be installed in the North Sea: this hypothesis
doesn’t differ excessively from the actual conditions present in the North Sea.

2. Analysis starts from the demand and goes backwards, considering all the efficiencies of the components
of the energy system, to the necessary production to cover it.

3. Electrolyzers are considered to be modular so the efficiency is evaluated as approximately independent
from the size of the plant.



4. It is considered possible to place caverns for storage on the entire area of the simplified map (even though
some more limited regions are considered to proceed with the modelling process).

5. All industries have been able to convert their production lines and processes to the usage of hydrogen
instead of methane: this hypothesis is used to pursue the simplified analysis but the conversion of the
industrial lines to hydrogen could be an issue that has to be addressed.

6. Injection and extraction points are considered placed in the center of the respective regions and it is
supposed to have one cavern for each city of the model.

Before defining all the scenarios it is necessary to design a simplified map for the calculations (sm stands for
simplified map), which is here reported (Figure 2).

Figure 2: Map for the simplified model with pipeline connections

In this map three cities have been reported, considering a subdivision of the peak power requested into 50%,
30% and 20% respectively for cities 2, 3 and 1. The storage sites 1, 2 and 3 are respectively dedicated to
cities 3, 2 and 1. Under the hypothesis of having in 30 years four times the wind power capacity and 1.5 times
the power demand by users, through the Danish data of the last 10 years the future trends of production and
consumption have been evaluated for each city (Figure 3) and overall (Figure 4).

Figure 3: Projection of demand trend for each city and overall in 30 years based on Danish past electricity
supply and demand data

We have assumed one offshore wind farm that covers all the electricity production. Moreover, we have defined
a hydrogen island where we have the convergence of the power produced by the wind farm, the electrical
transformers and the hydrogen production and storage. It is important to note two characteristics of this island:

• Average Sea Depth: North Sea has an average depth of 90 m with maximum depth of 700 m so it has
been considered a value of 200 m for the analysis. [1]

• From the 20 GW 70% H2 case (page 51 of [12]) we have obtained a set of reference dimensions for the
artificial island.

With a temporal resolution of 1 hour, a 9-months time frame considered and an overall shortage (calculated
as the difference between the overall demand and the wind farm production per each unit of time) in terms



Figure 4: Projection of overall demand and wind production trend in 30 years based on Denmark’s supply and
demand data in 2020

of power it has been possible to integrate over time to obtain the energy shortage and divide per each city
obtaining:

• Eshortage,city1 = 6.97 × 104 MWh

• Eshortage,city2 = 1.74 × 105 MWh

• Eshortage,city3 = 1.05 × 105 MWh

We then calculate the surplus that has to be extracted and stored to cover these shortages.

3.2. Analysis and Results
3.2.1. Fraction of surplus energy needed

With the efficiency ranges of fuel cells and electrolyzers (see Table 1 and Table 2), we calculate and obtain
the energy required surplus to cover the average shortages, presented in this paragraph. The conversion
efficiency to hydrogen and back to electricity are considered in our calculations.

Table 1: Overview of main electrolyzers technologies efficiencies [13]

Technologies Minimum Efficiency [%] Maximum Efficiency [%]
Alkaline 51 65.3

PEM 55.5 72.4

Table 2: Overview of main Fuel Cells technologies efficiencies [3]

Technologies Electrolyte Toperating,min[K ] Toperating,max [K ] ηelectrical ,min[%] ηelectrical ,max [%]
AFC Aq. KOH 333.15 393.15 60 60

DMFC PEM 303.15 363.15 80 80
MCFC Molten Li2CO3 and K2CO3 873.15 923.15 45 47
PAFC Phosphoric Acid 433.15 473.15 40 40

PEMFC PEM 333.15 363.15 53 58
SOFC Yttrium stabilized zirconia 1073.15 1273.15 35 43

Considering these efficiencies permits to understand the amount of energy that has to be taken from the
surplus to cover this shortage of electricity and quantify the energy losses. The quantities for all cities are
reported in Table 3, while a bar chart has been used to evaluate the requirements for each city based on the
electrolyzers-FC technologies considered (Figure 5). These values may change quite significantly with the
chosen conversion technology, from average values in the order of 105MWh for maximum efficiency factors to
values in the order of 106MWh for the minimum efficiency factors.



Table 3: Average energy [MWh] that has to be used from surplus to cover the shortage for all cities considering
the minimum and maximum efficiencies for each fuel cell technology (columns) and electrolyzers (rows)

AMC DMFC MCFC PAFC PEMFC SOFC
Alkaline 1.14*106 8.90*104 8.55*104 6.68*104 1.52*106 1.13*106 1.71*106 1.34*106 1.29*106 9.21*104 1.95*106 1.24*106

PEM 1.05*106 8.03*104 7.85*104 6.02*104 1.40*106 1.03*106 1.57*106 1.20*106 1.19*106 8.30*104 1.80*106 1.12*106

Figure 5: Visual representation of energy requirements from surplus considering minimum and maximum
efficiencies of each system for all the cities and for each city taken singularly

After estimating the energy that has to be stored and the fraction of energy surplus that has to used to address
the energy shortage, we define two scenarios. The first one is based on production of hydrogen in a dedicated
offshore island and then sent to the coast to the storage sites. The second possibility is energy transmission
through electrical cables, meaning that hydrogen storage and conversion is done offshore and the onshore
storage is done with hydrogen produced locally.

3.2.2. Evaluated Scenarios: Hydrogen Island and local production

In this scenario it is considered that hydrogen is produced and transmitted to onshore storage sites through
the usage of pipelines. In both this scenario and the following electrical one there is the presence of offshore
storage site, used as first storage location. This storage site can be considered as a solution also to avoid
the construction of onshore storage sites but the costs for the construction are higher offshore than onshore.
Considering the presence of an offshore wind farm at a distance of 300 km from the coast in east direction,
we evaluate: the production and storage of hydrogen offshore, the transmission of it through pipeline, and the
conversion to electricity onshore through the usage of fuel cells. Previously (3.2.1.) the calculations of the en-
ergy shortages and the storage (energy and hydrogen) have been presented. Now we also include the energy
required for the compression for storage, the compression for transmission and the volume of the necessary
artificial salt caverns. The production of hydrogen is carried out in a designated artificial hydrogen island which
should be placed at maximum 5 km from the wind farm. Moreover, its position has to be chosen considering
aspects like the positioning of salt caverns and the pipeline design, as presented in Figure 2.

To evaluate the dimensions of the necessary salt caverns and, at the same time, the effect on hydrogen density
and the geothermal gradient, we developed an iterative function. This permitted to calculate the dimensions
(height and diameter), average temperature and average density starting from the the cavern roof depth, an
initial estimate of the cavern bottom depth, storage pressure, mass of hydrogen to be stored, an equation of
state for hydrogen density, and the height-diameter ratio of the cavern. The cavern roof depth and the pressure,
considered to be the maximum pressure, have been taken from the set of values (cavern roof depth, maximum
and minimum storage pressures) cited in [9]. The results for the first city, in terms of height and diameter of the
caverns, are reported in Table 6.
In order to evaluate the amount of freshwater needed to build the salt cavern the construction process of the
horizontal caverns HA-4 and HA-5 in Huai”an (China) has been taken as reference [6]. For these caverns the



Figure 6: Results for city 1 in terms of Height and Diameter of caverns, average temperature and density of
hydrogen; the orange colour refers to the minimum efficiency of FC technologies, the light blue refers to the
maximum

characteristics are presented in the Table 4.

Table 4: HA-4 and HA-5 cavern and building process characteristics (Huai”an, China) [6]

Cavern HA-4 HA-5
Volume Cavern [m3] 52000 121000

Volume Freshwater Needed [m3] 3329000 3690000
Volume Cavern/Volume Freshwater needed 64.02 30.50

Concentration Brine [kgsalt/m3] 300

From the volume ratio of cavern to freshwater needed for salt cavern construction, we calculated the volume
of freshwater needed considering the minimum and the maximum values of this ratio and the minimum and
maximum efficiencies of the FC technologies. The amount of freshwater needed in all cases (maximum and
minimum efficiency for FC technologies, maximum and minimum volume ratio cavern - volume freshwater) is
not negligible and has to be taken into account in terms of environmental impact and economic costs to treat
and transport the salty brine after dissolving the subsurface salt. Lastly, it has been evaluated the pressure
drops of the hydrogen pipelines necessary to cover the energy demand for each city. Based on a defined set
of assumptions the pressure drops have been calculated and presented in Table 5. The values of the pressure

Table 5: Pressure drops in [bar ] per each pipeline (column, first for city 1, second for city 2 and third for city 3),
considering all the FC technologies (rows) with their minimum and maximum values of efficiencies

Min ηFC Max ηFC
AFC 305.00 282.74 759.39 234.07 295.03 654.65

DMFC 375.93 442.55 903.41 361.74 381.08 890.32
MCFC 191.51 221.27 536.81 241.16 270.44 602.28
PAFC 156.04 245.86 549.90 156.04 233.57 445.16

PEMFC 255.35 282.74 680.83 198.60 295.03 615.37
SOFC 163.14 233.57 405.88 177.32 295.03 628.46

drops make necessary the presence of intermediate pumping stations to increase the pressure and guarantee
the arrival of the hydrogen to the storage sites.
The second possible solution is the transmission of energy through the usage of electrical lines and having the
production of hydrogen directly on the storage sites. In this scenario there is no hydrogen transmission through
pipelines: hydrogen is produced on the hydrogen island and stored offshore in a dedicated site for the purpose
of converting to electricity when the windmills are down. Hydrogen is also produced onshore with surplus of
energy sent with electrical interconnection between the hydrogen island and the shore. The possible presence
of offshore storage would permit to reduce the number of storage sites onshore and to increase the social
acceptance of the hydrogen storage on the first place. As for the other scenario, the analysis has been carried
out from the storage site while acknowledging that it is necessary to consider also the efficiency of electrical



Figure 7: Simulink Dynamic Model

transmission from sites to cities.
The process for the calculation of the dimensions of the artificial caverns is the same as the previous scenario,
the main difference is related to the addition of electrical components (with their efficiencies) between the hy-
drogen island and the onshore storage sites. The elements that have to be considered are inverters (DC-AC),
transformers (AC-AC) and transmission lines (in DC or AC).

3.3. Dynamic Model
In section 3.1., the hydrogen storage requirements have been analyzed and calculated considering a static
approach, serving two purposes: first, the overall shortage of energy caused by the mismatch of the wind
production and the user demand curves. Secondly the percentage of the surplus needed to cover that shortage
through the production and storage of hydrogen. The latter point has been carried out taking into account
constant values of the efficiencies of the components of the system and ignoring the dynamic behaviour of the
system. Here, we consider the functioning and the consequences of the behaviour of the system components
over time, under a defined set of assumptions, that includes:

1. The system is considered to be isolated thus no interconnections with other countries or grids are con-
sidered.

2. We projected the increase of the wind power installed and the increase of user demand with an expected
enhancement of 50% of the current demand and a nominal wind power installed equal to 5 times the
currently installed power with respect to the data considered (2017-2019).

3. Dynamic behaviour for electrolyzers, fuel cells (start up and ramp up time) and compressors (time to
reach predefined pressure specifications) are considered.

4. The model used for the description of the storage behaviour is 0-D (zero-dimensional or bulk model).

a Matlab script and a Simulink model have been developed to calculate the impact of inertia of system com-
ponents and the constrained injected and extracted mass flow rates and fixed volumes of storage sites on the
security of energy supply for a dynamic demand. We also use the script to estimate the required number of
caverns for a balanced supply and demand of electricity in Denmark.
Figure 7 shows the Simulink model developed to solve this problem, implementing specific subsystems (with
relative control systems) for fuel cells, electrolyzers and compressors necessary to manage the system and
allowing it to be able to follow the demand and production trends (Figure 8). Here the electrolyzers system
(with its control system) is briefly presented. For the fuel cell system the function principle is similar.

3.4. Electrolyzers system
Electrolyzers functioning (as molar flow rate of hydrogen produced [mol/s]) is related, following the Faraday’s
law (Equation 1), to the number of cells ncells, to the current flowing through IEz , Faraday’s parameter F , and
Faraday’s efficiency ηF (calculated with Equation 2). [10]

˙nH2 =
nc IEz

2F
ηF (1)

ηF = 96.5 exp
(

0.09
IEz

− 75.5
I2
Ez

)
(2)



Figure 8: Power surplus and deficit of the system (expressed in [MW])

In the analysis, a simplified version of electrolizer efficiency is considered, that is independent of the above
parameters and the outlet pressure. Instead, we consider the behaviour over time of the electrolyzers in
terms of start-up time (supposing a hot start-up) and ramp-up time, which are respectively defined as the time
interval between the electrical connection and the beginning of the hydrogen production and the time interval
necessary to reach the nominal power output from the end of start-up process.
These two parameters have been considered as part of the main simulation and have been obtained from data
of products available on the market, like the electrolyzer Plug EX-425D [2]. They have been fixed at these
values (even though they have been modified to see their impact on the simulation):

• ∆tStart−Up = 10s

• ∆tRamp−Up = 30s

Figure 9: Simulink electrolyzer simplified model

These parameters have been added to Simulink as presented in Figure 9. It has been considered a constant
value of efficiency and then converted the value of energy consumed by electrolyzers to the amount of hy-
drogen produced. Considering the start-up and ramp-up times, we obtain the produced hydrogen mass flow
rate over time (Figure 10). This mass flow rate has been then used in the zero-dimensional storage model to
evaluate the amount of hydrogen stored and withdrawn over time. It is important to highlight that not the entire
overproduction is converted into hydrogen to reduce the number of electrolyzers required. For this purpose
a value of 30% of the surplus production has been considered and also varied to evaluate the impact of this
parameter on the system.



Figure 10: Electrolyzers hydrogen mass flow production rate (reference conditions)

3.5. Parameters of the simulation
The following parameters are the reference ones of the simulation :

• fractionsurplus = 0.3 ⇒ fraction of the wind surplus power that is used to power the electrolyzers;

• percentagefillingstorage = 0.8 ⇒ initial percentage of storage filling;

• TH2 = 300K ⇒ fixed temperature for the analysis;

• ∆tStart−up,El = 10s ⇒ start-up time for electrolyzers;

• ∆tRamp−up,El = 30s ⇒ ramp-up time for electrolyzers;

• ∆tStart−up,FC = 10s ⇒ start-up time for FC;

• ∆tRamp−up,FC = 15min = 900s ⇒ ramp-up time for FC;

• Vsimulation,firstattempt = 6.49 × 108m3 ⇒ first attempt value for simulation storage volume (placed equal to
the volume of storage in first case of minimum efficiency in the static model multiplied by 103);

• ∆p%,Max ,FC = 10% ⇒ maximum percentage pressure drop admitted for storage-FC pipelines;

• dpipe,FC = 18cm = 0.18m ⇒ diameter extraction well and storage-FC pipeline connection (considered a
typical value for natural gas underground storage wells diameter [7])

• ∆p%,Max ,El = 5% ⇒ maximum percentage pressure drop admitted for electrolyzers-storage pipelines;

the simulation has returned the results presented in Table 6:

Table 6: Simulation results with reference values of simulation parameters

FC Electrolyzers
λ 0.01 0.01
vH2 [m/s] 59.5 49.3
ReH2 1.19 × 106 9.87 × 105

˙mH2,SinglePipe [kg/s] 6.64 4.87
˙mH2,SinglePipe [kg/h] 2.4 × 104 1.75 × 104

nwells 18 3
VStorage[m3] 1 × 109

These parameters have been iteratively modified to evaluate their impact on the simulation and possible solu-
tions to the related issues.



4. Discussions of Results
4.1. Simplified Model
From the results of the simplified model we can clearly observe the impact of the chosen fuel cell - elec-
trolyzers technologies on the required storage volume, even without considering the dynamic behaviour of unit
operations. This choice directly affects, considering the range of efficiencies of the system, the amount of
energy that has to be extracted (by electrolyzers) from the power surplus and the amount of energy that has
to be actually stored in the form of hydrogen in the storage sites. This latter aspect is essential since it influ-
ences the dimensions of the underground artificial storage site in height and diameter, modifying the amount
of freshwater (and, therefore, the environmental and economical impact) required for the construction process.
These values can range, depending on roof depth, FC technology and cavern-freshwater volume ratio between
6.5 × 106 − 7.2 × 107m3 for city 1, 1.6 × 107 − 1.8 × 108m3 for city 2, and 9.7 × 106 − 1.1 × 108m3 for city 3.
These values are around 1% to 10% of annual Danish freshwater consumption.
Moreover, as it has been possible to highlight with the two scenarios, design choices in terms of storage place-
ment and energy transmission can affect the cavern design and the system behaviour. System that can range
from an offshore solution with main storage solution build under the seabed and electrical energy converted
and transmitted from the hydrogen island to hydrogen production carried out in this dedicated artificial island,
transmitted to land via pipelines and stored locally underground ready to be employed by the fuel cells system.
In the simplified model we ignored the inertia of the components of the system, e.g., fuel cells, electrolyzers,
and compressors. Using the dynamic model, through running simulations for a 2 years time frame (with 1 hour
resolution), we analysed the impact of the dynamic behaviour of each unit on the overall energy supply and
demand. All these components have been implemented in a Simulink model, each one considering their fun-
damental working parameters and control systems. For the electrolyzers we included the start-up and ramp-up
time intervals in the model and its blocks. Similarly it has been done for the fuel cells, applying the same pa-
rameters and blocks in the model. Concerning the compressor, based on its pressure-time dependency curve,
a simplified control system has been implemented. Lastly, for the overall system, different control systems has
been added. This Simulink model has been then exploited, as other functions that have been developed, inside
a Matlab script with the aim of evaluating the storage volume, the number of electrolyzers and fuel cells wells
and the mass flow rates through them respecting the pressure drop constraints and other model assumptions.
This script has been iteratively modified changing the value of the main parameters of the system elements to
visualize their impact on the overall system.

4.2. Dynamic Model
From the results of the dynamic model it is possible to analyse the sensitivity of the supply/demand system to
the parameters that define the dynamic behaviour of its individual units. The first noticeable result is the stor-
age volume difference between the static simplified model and the dynamic one: in the first case, the values
obtained in the simulation are in the order of 106m3, which can be covered by a few small to average-sized cav-
erns (depending on the chosen FC-electrolyzers technologies considered and the characteristics of the cavern
such as the roof depth). However, for the dynamic model we obtained required storage volumes in the order of
109m3, e.g., around 1000 relatively large salt caverns. This 3 orders of magnitude difference between the two
cases are related to physical constraints (mass flow rates of the pipelines and the following of the production
and consumption curves), cavern pressure limits (i.e., 2.23 × 106 − 7.09 × 106Pa) and the start up times of
the elements of the system (that do not allow the perfect following neither the production nor the consumption
curves).
Moreover, choosing a fuel cell or electrolyzer technology with a high start-up time causes a system failure in fol-
lowing respectively the demand (in terms of shortage) and the production surplus curves (results not shown).
This issue can be solved by developing or choosing components with lower start-up time or with predictive
approaches to the system control, through which the components are activated earlier in time considering the
predictions of production and demand. Components with high ramp-up times, instead, do not allow to fully
exploit the potential of the power surplus (electrolyzers) or be able to supply the power needed by user in
time: this problem may be solved with different approaches such as developing faster technologies, installing
a higher number of these components to counterbalance the effect (but with additional investment costs and
overdimensioning the system) or adding fast technologies (such as electrochemical storage) in parallel to miti-
gate this issue.
We also considered the fraction of surplus electricity to be converted into hydrogen and the initial storage filling
percentage. The first aspect is important since considering higher fractions allows to increase the production
of hydrogen thus being a possible mitigating solution for electrolyzers with high start-up and ramp-up time in-
tervals. Higher fraction though results in higher number of components, higher mass flow rates and therefore
an increase of the size of the system with consequent increase of complexity and costs. Moreover, it does not
allow the electricity network to be integrated in a larger European network by exporting the surplus to other



countries or regions with a high demand. Lastly, the initial storage filling percentage, also known as the cussion
gas, is significant in the starting of the system since low initial level do not allow to have a sufficient buffer to
follow the user demand; for this reason it is necessary to consider the initial filling as part of the installation
procedure.

5. Conclusions
The large-scale storage of hydrogen in salt caverns, although a mature technology and relatively safe to im-
plement, presents some important issues that have to be resolved. Firstly, the volume necessary to support
even a simple 3-cities system is extremely high; it is challenging to find energy and water resources for the
construction of around 1000 caverns and to find environmentally friendly and less energy-intensive solution to
clean up and dispose off the construction and maintenance brine. Secondly, a large volume of cushion gas is
required to start up the caverns such that it can reach a minimum required pressure for producing hydrogen
from the caverns. This requires a large amount of surplus energy that might not be available. Thirdly, the high
start up time of the fuel cells makes the use of hydrogen as the only grid balancing solution almost impossible.
It is therefore necessary to address the immediate shortages of electricity in the network by other solutions,
e.g., the aforementioned parallel electrochemical battery systems, or use reliable predictive models to deal
with the not perfect following of the surplus and shortage curve by the components of the system. Finally, we
would like to encourage the researchers in the field of subsurface hydrogen storage to dedicate more time and
resources to investigating the production rate of hydrogen from the storage sites such as salt caverns, aquifers,
and depleted reservoirs. The safe storage, although a necessary condition, is not sufficient to integrate the
subsurface hydrogen storage in the energy supply and demand.
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Abstract:
One of the keys to the current energy and ecological transition is the development of electrical energy stor-
age. This demand has motivated the development of alternative technologies that overcome some of the
shortcomings of the storage systems used until now. Among these, Carnot battery has experienced a rapid
development in the last decade. Its principle is to store electrical energy in the form of heat and restore it with
a heat engine. This technology has several advantages: a long life span, the possibility to increase easily its
storage capacity, and the use of small environmental footprint materials. Current research tends to show the
lack of competitiveness of classical Carnot batteries architectures compared to other technologies due to their
relatively low roundtrip electric efficiency. It is therefore necessary to investigate the integration of heat streams
in order to increase their attractiveness. A large part of the industrial energy consumption is used for thermal
purpose. It is estimated that a large part of this energy is then lost as waste heat. The aim of this paper is
to provide economic key performance indicators concerning the potential of a Carnot battery integrating waste
heat recovery in a given industry. The key performance indicators provided are based on the temperature level
of the waste heat, the energy rates consumed and dissipated by the industry, the type of primary energy used
and the electricity pricing. This paper shows that electricity pricing is the key to this technology development.
High price variability and negative purchase prices are factors leading to a potentially interesting profitability
of this system. The primary energy ratio is the second most important parameter influencing the results. As
an illustrative example: an industry with a recoverable waste heat at 100°C, a gas consumption three times
higher than the electricity consumption, and a ratio of the minimum (positive) purchase price of electricity to the
maximum sale price equal to 50% can expect a maximum reduction in its electricity bill of 25%. This maximum
reduction rises to 50% if the the gas consumption is seven times higher than electricity consumption or if the
electricity price ratio is 27%.
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1. Introduction
1.1. Context
The main challenge to massively develop renewable energy is the electrical storage. Among the different pos-
sible technologies, the Carnot Battery (CB) is more and more developed. This concept uses a Heat Pump
(HP) to convert excess renewable electricity into thermal energy . The thermal energy is stored until there is
a peak of electrical consumption, a Heat Engine (HE) can re-convert this thermal energy into electricity. In its
stand-alone layout, this technology presents a low roundtrip efficiency. However, its potential to integrate heat
fluxes makes it profitable in various cases (Thermally Integrated Carnot Battery). In the most common config-
uration, the heat pump can work with a low temperature difference between the waste heat temperature and
the thermal energy storage temperature. This leads to high Coefficient Of Performance (COP) and therefore
high roundtrip efficiencies [1,2]. Waste heat represent a huge waste, especially in the industry sector. 42% of
the waste heat is lost at temperatures below 100°C and 20% between 100°C and 299°C [3]. The integration of
Carnot batteries in the industry is promising since it makes an efficient use of waste heat and it allows to store
electricity (increase of renewable energy self-consumption).
1.2. State of the art
Few papers discuss the potential of Carnot batteries based on mappings. Some papers refer to specific
case studies and are listed in [4]. The first attempt to characterize the performance of such a system in a
wide range of operating conditions is performed in [5] through a constant efficiency model. In this paper, the
roundtrip efficiency of a Thermally Integrated Carnot Battery is plotted for different waste heat temperatures
and ambient temperatures. It allows to identify which cases are interesting (high waste heat temperature, low



glide of the sensible storage and low ambient temperatures). Also, it was shown that the efficiency is improved
in zones where the compactness (and the use of the waste heat) of the system is low. This conclusion has
been discussed in several papers [1, 4, 6]. [4] proposed an enlarged mapping with a larger range of working
temperatures. A zone where the three Key Performance Indicators (waste heat use, roundtrip efficiency and
compactness) are not competing has been found. To the best authors’ knowledge, no literature focus on the
waste heat constraints in the industrial sector which can significantly affect the Carnot battery potential.
1.3. Aim of this paper
The main question that an industry could ask about the installation of a Carnot battery to valorize its waste
heat is the profitability. A precise calculation of the benefit can not be obtained without a detailed study of the
case. The aim of this paper is to give the absolute maximum values that could be reached in terms of benefit of
such a system for a given industry. The Key Performance Indicators (KPIs) provided are determined according
to global parameters allowing to easily characterize an industry (primary energy ratio, electricity pricing and
waste heat temperature mainly) without an in-depth study. The results provided are voluntarily very optimistic
so that a mismatch between the industry’s expectations and these results indicates a clear incompatibility. In
this case, the installation of a Carnot battery integrating waste heat recovery is not justified and this possibility
can be dismissed without further study. The case of favorable results for the industry studied will automatically
lead to a further study of the solution integrating the time constraints that such a system implies to determine
the real benefit that can be brought. The compatibility of the industry’s expectations with the results of this
study is therefore a necessary but not sufficient condition for the profitability of the system.

2. Methodology
2.1. Assumptions
2.1.1. Conservatism principle

Since the aim of this paper is to provide the necessary conditions for the further study of the potential integration
of the system, it is important not to exclude any case. To this end, all the assumptions made in this study are
deliberately very optimistic. In particular, the cycles studied as well as the exchangers are considered as
perfect. Since this study ignores the temporality for the purpose of convenience, the coordination of the waste
production with the electricity costs is considered ideal in order to favor advantageous results. The limitations in
terms of electrical power exchanged with the grid is largely overestimated. No limitation are put on the thermal
storage volume. Also, the investment cost of the system is neglected. This is a very conservative assumption
since this cost is directly linked to the nominal power of the system and its storage volume. On the other hand,
the evaluation of the benefits in terms of cost reduction of the electrical substation is not considered. In view
of the previous hypothesis, it is considered that neglecting this element will not put in default the conservatism
required in this study.
2.1.2. Restriction on industry studies

Since the problem is treated ignoring temporal constraints and for the clarity of the methodology, some lim-
itations must be set on the industries studied. The studied industry is taken as a whole and a single CB is
matched as appropriate as possible. This CB has only one storage whose nominal temperature is fixed and
greater than the maximum waste heat temperature considered. This consideration implies that an additional
cold storage is not considered. It is assumed for each process (or sub-process) a nominal waste temperature
invariable over time. The ambient temperature is fixed at 20◦C. The waste heat is entirely dedicated to the CB.
No district heating or recovery of this heat to reintegrate it into the process is considered. The waste heat not
used by the CB is lost. The waste heat rejected by the heat engine of the CB is also lost.
The availability of Renewable Energy Sources (RES) internal to the industry, whose production is not always
self-consumed, is a special case that requires a specific methodology. This case is treated in Section 3.6..
2.1.3. Limit values of the studied system

Based on the literature and in order not to exclude any case according to the principle of conservatism, the
following values are used as limit values of the studied system:

• The unavoidable irreversibilities of a real system lead to the consideration of an efficiency g with respect
to the ideal cycles. This value is often estimated [5] between 0.4 and 0.5 so in this study, g = 0.5.

• According to [7], the waste heat of the industry not directly recovered on-site is below 200°C excepted
for the iron and steel industry (200-400°C, 700-900°C) and the glass industry (500-600°C). Waste heat
temperature Tw ∈ [Tamb, 200]◦C is considered for this study. This choice is justified in Section 3.5..

• The highest temperature cycle (Brayton) that can be applied to a CB is in the order of 1200°C [1,2]. This
value (used in (22)) is considered as the limit reached in the system.



2.2. Carnot battery description
The purpose of this section is to describe the Carnot battery as it is considered in the following development.
The goal is to define the most generic architecture in order not to exclude any case and to make assumptions
that allow to respect the conservatism principle announced in the previous section. Two approaches are
considered in the description of the cycles used: a machine working with a Carnot cycle and one working with
a Lorenz cycle. This allows to cover entirely the existing and future Carnot batteries.
2.2.1. Generic architecture

Figure 1 represents the architecture of a CB as general as possible when it integrates waste heat recovery. An
amount of used waste heat Qw ,used extracted from the available waste heat Qw such that

Qw ,used = Qw
∆Tw

Tw ,in − Tamb
(1)

corresponds to a quantity of heat stored according to the COP of the heat pump considered:

Qsto = Qw ,used
1

1− 1
COP g

(2)

The electrical energy WHP stored by the CB is determined by

WHP = Qsto −Qw ,used (3)

The stratification of the storage and its thermal insulation are considered perfect so that the amount of thermal
energy recovered from this storage is equal to the stored amount Qsto. This thermal energy is used to feed the
heat engine and to extract the electrical energy WHE according to

WHE = Qsto η g (4)

Figure 1 also allows the introduction of the different temperature levels of the CB. It is necessary to add 3
temperature differences to entirely characterize this simplified machine. These parameters can be defined by:

• ∆Tw = Tw ,in − Tw ,out

• liftHP = Tsto,h − Tw ,in

• ∆Tsto = Tsto,h − Tsto,c

Qw

Tw,in

Tw,out

HP Storage HEQw,used Qsto Qsto

WHP

WHE
Tamb

Tsto,h

Tsto,c

T+
amb

Figure 1: Generic architecture of a Carnot battery integrating waste het recovery

2.2.2. CB with Carnot cycles

Cycles based on Carnot HP and HE are mainly used in CBs. These ideal cycles are represented by their
T-S diagram in Fig.2 and Fig.3 respectively. The performance of these cycles is determined by the system
temperature levels also shown in the diagrams. For the HP, the COP is expressed by

COPCarnot =
Tsto,h

Tsto,h − Tw ,out
=

Tw ,in + liftHP

liftHP + ∆Tw

(5)

The COP can be maximized by minimizing ∆Tw . However, according to (1), this will decrease Qw ,used and thus
the maximum stored energy. This value is therefore kept as a parameter in the study. Concerning the HE, its
performance η is expressed by

ηCarnot = 1−
T +

amb

Tsto,c
= 1−

T +
amb

Tw ,in + liftHP −∆Tsto

(6)



To maximize this efficiency, two assumptions are made: T +
amb → Tamb and ∆Tw → 0. With Tw ,in fixed by the

characteristics of the industry, only the choice of the lift remains. Since it intervenes in an opposite way on
the performance of the two cycles, it is not possible to choose an optimum for all cases and it is kept as a
parameter in the study.
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Figure 2: Ideal HP based on Carnot cycle limited
by the characterizing temperatures of the CB repre-
sented in T-S diagram
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Figure 3: Ideal HE based on Carnot cycle limited
by the characterizing temperatures of the CB repre-
sented in T-S diagram

2.2.3. CB with Lorenz cycles

Lorenz cycles [8] are based on heat exchanger at variable temperatures when Carnot cycles are isothermal.
The implementation of these cycles requires zeotropic working fluids, super or trans-critical cycles, or a serial
assembly of multiple HP and EH. This type of cycle is less implemented in CB than the Carnot cycle. However,
with identical temperature glides, it theoretically gives better performance and several projects are currently
developing this type of system. In order to remain conservative and to cover a maximum of possibilities, these
two types of cycles will be used to obtain results according to the implementation of a CB working with Carnot
or Lorenz cycles. Figures 4 and 5 represent the two Lorenz ideal cycles as well as the system temperatures in
T-S diagrams. The COP and η are expressed by

COPLorenz =
Tsto,h + Tsto,c

Tsto,h + Tsto,c − Tw ,in − Tw ,out
=

2Tw ,in + 2liftHP −∆Tsto

2liftHP + ∆Tw −∆Tsto

(7)

ηLorenz = 1−
Tamb + T +

amb

Tsto,h + Tsto,c
= 1−

Tamb + T +
amb

2Tw ,in + 2liftHP −∆Tsto

(8)

With the same approach as for the Carnot cycles, the lift and ∆Tw are kept as parameters and T +
amb can be

fixed such that T +
amb → Tamb. The intervention of the storage glide ∆Tsto in both formulations does not allow this

time to conclude. It must also be kept as a parameter.
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Figure 4: Ideal HP based on Lorenz cycle limited
by the characterizing temperatures of the CB repre-
sented in T-S diagram
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Figure 5: Ideal HE based on Lorenz cycle limited
by the characterizing temperatures of the CB repre-
sented in T-S diagram



2.3. Industry description
The purpose of this section is to provide a generic description of energy flows in an industry so that it can be
adapted to any industry. The characteristics of the industry allowing further development will also be identified.
2.3.1. Characteristic period

Temporal considerations of energy flows in industry would involve complex modeling to obtain results. Since
the purpose of this study is to provide a first approach, these considerations are ignored. The different energy
flows are integrated over a characteristic period ∆t(0→ Tf ).
This period is to be chosen on a case by case basis. Ideally, it should cover a duty cycle representative of the
industry. This period also corresponds to a cycle on the storage, so it would seem judicious that it is of the
order of a day. It is important that the chosen period respects the principle of conservatism (Section 2.1.1.).
2.3.2. Generic representation of energy distribution in an industry

Figure 6 represents the simplified topology of an industry as it is used in this study. This generic representation
is such that it corresponds to any industry considered.
The electrical energy bought to the grid Eel ,grid is added to the electrical energy of the self-consumed RES of
the industry Eel ,RES. This total electrical energy Eel is added with the energy supplied to the industry in the form
of gas Egas to be redistributed between the auxiliary consumptions Eaux (considered with inexploitable waste
heat) and the processes Ep. The energy injected in each process Ep,i is partly converted into recoverable
waste heat Qw ,i of temperature Tw ,i . The other part of this energy Qamb,i is lost directly to the environment.

Auxiliaries

Process 1

Process 2

Process n

…

Non-recoverable waste

Qamb,tot =
n

∑
i=1

Qamb,i

Eel,grid

Egas

Qw,n , Tw,n

Qw,2 , Tw,2

Qw,1 , Tw,1
Eel,RES

Eel

Ep

Ep,2

Ep,1

Ep,n

Qamb,2

Eaux

Qw,tot =
n

∑
i=1

Qw,i

Qamb,1

Qamb,n

Figure 6: Generic representation of energy fluxes distribution in an industry integrated on the characteristic
period ∆t

2.3.3. Distribution of primary energy

A first useful characteristic of the industry is its primary energy allocation Egas/Eel . In the case of fully self-
consumed RES, Eel should be taken as the sum of RES electricity production and imported electricity Eel ,grid
(Fig.6).
2.3.4. Waste heat temperatures

The processes are ranked from 1 to i such that Tw ,1 > Tw ,2 > ... > Tw ,n. According to [7], this ranks in most
cases the amount of waste heat such that Qw ,1 < Qw ,2 < ... < Qw ,n but it is not a necessary condition.
2.3.5. Electricity pricing

Considering the variable cost C of electricity over the period ∆t , different electricity pricing are identified:

• (A) Cbuy = Csell = C ∈ R+
0 , ∀t ∈ [0, Tf ]

• (B) Cbuy = Csell = C ∈ R+ , ∀t ∈ [0, Tf ]

• (C) Cbuy ∈ R+
0 , ∀t ; Csell ∈ R+ , ∀t ; with Cbuy ≥ Csell , ∀t ∈ [0, Tf ]

• (D) Cbuy ∈ R , ∀t ; Csell ∈ R+ , ∀t ; with Cbuy < Csell iff Csell = 0 , ∀t ∈ [0, Tf ]

By these definitions: (A) ⊆ (B) ⊆ (D) and (A) ⊆ (C) ⊆ (D). An industry included in several electricity pricing as
defined will be characterized by the most restrictive.



An electricity cost ratio Cmin/Cmax used as a parameter in the study is determined for each electricity pricing
with for (A) and (B):

Cmin = min
∀t

(C) and Cmax = max
∀t

(C) (9)

By definition, the ratio is strictly greater than zero for (A) and equal to zero for (B). For (C) and (D), the ratio is
determined with:

Cmin = min
∀t

(Cbuy ) and Cmax = max
∀t

(Csell ) (10)

By definition, the ratio is strictly greater than zero for (C) and less or equal to zero for (D).

This definition of the electricity cost ratio for (C) and (D) cannot be applied in the special case max∀t (Csell ) = 0.
It is therefore necessary to defined two sub-categories ((C*) and (D*)) of electricity pricing for which a special
treatment is applied with a definition of the electricity cost ratio given by

Cmin

Cmax
=

min∀t (Cbuy )
max∀t (Cbuy )

(11)

Using strictly the limits of the electricity cost for determined Cmin and Cmax ensures conservatism. A more
moderate choice of these values can lead to more restrictive results but closer to reality. These values are
used to define the price for the entire selling and buying period. If the limits used represent only a very short
period compared to ∆t , the results will be so optimistic that they will no longer be useful. A good practice rule
would be to choose a limit if it represents at least 5% of the period ∆t .
2.4. Recoverable waste heat
The quantity of waste heat Qw available for the HP is an important parameter to characterize the industry. With
the usability factor u representing the proportion of primary energy converting in available waste heat, it is
defined by

Qw = u(Egas + Eel ) (12)

In an ideal configuration, u = 1. This will never be the case in reality. u is bounded by a value us,max , with the
subscript s refers to the selected Tw ,s. It is defined by

us,max = (1− Eaux

Egas + Eel
)

s∑
i=1

(
Ep,i

Ep
(1− Qamb,i

Ep,i
)) (13)

The purpose of this section is to describe in more detail the expression of us,max .
2.4.1. Auxiliary consumptions

In the frequent case where all the incoming energy of the industry is not dedicated to the processes on which
waste recovery is possible, it is necessary to deduct these auxiliary consumptions from the primary energy
transformed into usable waste heat. This consumption is included in the factor (1− Eaux

Egas+Eel
).

2.4.2. Tw ,s selection

Since it is assumed that there is only one CB and one storage, the temperature of the waste heat exploited Tw ,s
must be unique and chosen between the Tw ,i temperatures. In the case Tw ,s > Tw ,n, part of the processes are
excluded from the waste heat recovery system. This reduces the amount of energy exploitable by the factor
(
∑s

i=1
Ep,i
Ep

).

However, the choice of Tw ,s higher than Tw ,n has the advantage of increasing the performance of the system.
At the time of the exploitation of the results, it is necessary to test various couples [Tw ,s; us,max ] in order to select
the optimum for the considered industry. The selected Tw ,s corresponds to the temperature Tw ,in of Section
2.2..
2.4.3. Processes ambient losses

In any process, not all of the primary energy Ep,i used can be converted into usable waste heat. Unavoid-
able losses Qamb,i are rejected throughout the process (Qw ,i = Ep,i − Qamb,i ), which completes the previously
developed factor:

s∑
i=1

(
Ep,i

Ep
(1− Qamb,i

Ep,i
)) (14)



In the case where Qamb,i is too difficult to evaluate for each process, a value Qamb,tot can be estimated for all
the processes so that this factor is replaced by

(1− Qamb,tot

Ep
)

s∑
i=1

Ep,i

Ep
(15)

2.4.4. Direct measurement of the available waste heat

The determination of the above factors can be complex. In some cases, it is easier to measure the quantity of
waste heat directly after the processes. In this case, (13) becomes

us,max =
∑s

i=1 micp,i (Tw ,i − Tamb)
Egas + Eel

(16)

with mi the mass flow rate of the waste heat constituent for the process i integrated over ∆t and the correspond-
ing specific heat cp,i . It is necessary to note that if waste heat constituents can condense in the considered
temperatures, it is necessary to take into account the latent energy.
2.5. Calculation of the economic gains generated by the CB
Based on the assumptions, equations and values previously introduced, it is possible to calculate the maximum
economic gain brought by the installation of a CB integrating waste heat recovery. The evaluation of this gain is
directly linked to the considered electricity pricing and will be evaluated differently for each case. Since the aim
is to determine the maximum profitability of the system, the waste heat will always be considered as available
when the prices are the most favorable.
The purpose of these gain expressions is to highlight the terms characterizing an industry: Cmin/Cmax , u and
Egas/Eel . These latter two terms are expressed on the basis of (1-4,12) by WHP/Eel and WHE/Eel such as

WHP

Eel
= u(

Egas

Eel
+ 1)

∆Tw

Tw − Tamb

1
COPg − 1

(17)

WHE

Eel
= u(

Egas

Eel
+ 1)

∆Tw

Tw − Tamb

COPηg2

COPg − 1
(18)

2.5.1. (A) and (C) electricity pricing

For electricity pricing (A) and (C), the maximum gain can be defined as the reduction in the electricity bill. The
most favorable conditions are a purchase (WHP) of electricity at Cmin and a resale (WHE ) of electricity at Cmax .
To ensure maximum gain, the electricity consumed is hypothetically purchased at Cmin.

gain(A,C) =
WHECmax −WHPCmin

EelCmin
=

WHE

Eel
(

Cmin

Cmax
)−1 − WHP

Eel
(19)

2.5.2. (B) and (D) electricity pricing

For electricity pricing (B) and (D), the previous gain formulation cannot be used since Cmin is less than or
equal to zero. The maximum payoff must therefore be evaluated as the maximum net profit generated by the
installation of the system. Stored electricity is always bought and sold at the most favorable prices. The gain
must be normalized in order to express a usable value in the results.

gain(B,D) = WHECmax −WHPCmin →
gain(B,D)

EelCmax
=

WHE

Eel
− WHP

Eel

Cmin

Cmax
(20)

2.5.3. (C*) and (D*) electricity pricing

For electricity pricing (C*) and (D*), it is never interesting to sell electricity back to the grid. Electricity restitution
(WHE ) must only be used to cover the electricity consumption of the industry Eel . In the formula, the cost of
electricity applied to WHE must therefore be the same as applied to Eel . In order to express the maximum gain,
Cmax is used. This formula expresses the gain as the maximum reduction of the electricity bill.

gain(C∗,D∗) =
WHECmax −WHPCmin

EelCmax
=

WHE

Eel
− WHP

Eel

Cmin

Cmax
with WHE ≤ Eel (21)



2.5.4. Choice of system parameters

In accordance with the principle of conservatism, for each point [Tw , Egas/Eel , Cmin/Cmax ] the choice of the sys-
tem parameters (∆Tw ,∆Tsto , liftHP) as described in the Section 2.2.1. is determined by the following optimization
problem:

max(gain)

s.t . 0 ≤ WHP
Eel
≤ 1 , 0 ≤ ∆Tw ≤ Tw − Tamb

0 ≤ WHE
Eel
≤ 2 , 0 < ∆Tsto ≤ Tsto,h − Tamb

0 ≤ Qsto
Eel

, 0 < liftHP ≤ 1473K − Tw [K ]

(22)

It is assumed that the consumption of electricity by the CB must be in the order of the industry’s electricity con-
sumption. The value of 1 is deliberately optimistic in order to remain conservative. Considering the electricity
restituted by the CB distributed between the consumption of the industry and the grid, the value of 2 is chosen
with the same considerations. For the electricity pricing (C*) and (D*), the constraint WHE/Eel ≤ 1 is added. In
the case where Carnot cycles are considered, ∆Tsto = 0 (Section 2.2.2.).

3. Results and discussions
Results are determined with Tw =100°C as an example and for discussions. Complementary results are shown
in Appendix A, with waste heat temperatures covering the whole range considered.
Figures 7, 9 and 11 show the results for a CB based on Carnot cycles. Figures 8, 10 and 12 show the results
for a CB based on Lorenz cycles. These results correspond to the gain as defined by (19), (20) and (21).
It is important to note that the results (Fig.11 and 12) for electricity pricing (B) and (D) express the maximum
net benefit normalized by Eel and Cmax and not the maximum reduction in electricity bill. The scale applied is
therefore different.
All results are obtained with u = 1 and are expressed as a function of Eel . In order to apply u, it is necessary to
multiply the results obtained by its value. In the case of a self-consumed RES electric production, the results
must be expressed as a function of Eel ,grid and are therefore to be multiplied by Eel/Eel ,grid = 1+(Eel ,RES/Eel ,grid ).

Figure 7: Maximum gain for electricity pricing (A) and
(C) with CB based on Carnot cycles (Tw =100°C)

Figure 8: Maximum gain for electricity pricing (A) and
(C) with CB based on Lorenz cycles (Tw =100°C)

Based on the results obtained for 100°C (representative of the other Tw trends), some preliminary observations
are made. Calculations based on the Lorenz formulations always give similar or better results than those based
on the Carnot formulations. A clear superiority of the Lorenz cycles is visible from an electricity cost ratio higher
than 30%. However, the differences are small compared to the assumptions. It is necessary not to jump to
conclusions. Moreover, in practice, the application of Lorenz cycles is more expensive and more complex to
implement. [9]. It is interesting to note that the optimum glides ∆Tsto for Lorenz cycles are close to the maximum
of the allowed values, while they are at zero for Carnot cycles. This gives an important advantage to Lorenz
cycles in real considerations. Increasing waste temperatures promotes good results. Also, the results improve
with the increasing of gas proportion and/or the decreasing of electricity cost ratio.



Figure 9: Maximum gain for electricity pricing (C*) and
(D*) with CB based on Carnot cycles (Tw =100°C)

Figure 10: Maximum gain for electricity pricing (C*)
and (D*) with CB based on Lorenz cycles (Tw =100°C)

Figure 11: Maximum gain for electricity pricing (B)
and (D) with CB based on Carnot cycles (Tw =100°C)

Figure 12: Maximum gain for electricity pricing (B)
and (D) with CB based on Lorenz cycles (Tw =100°C)

3.1. Impact of the electricity pricing
For (A) and (C), a realistic case is an electricity cost ratios above 35%. In the case of Egas/Eel=1, the gain is
10% for Tw =100°C. These results are weak compared to the hypotheses. Moreover, in some industries, the
cost of electricity is still constant. The results for Tw at 50 and 200°C are respectively 5% and 25%. (C*) must
tend towards (D*) to be in the same order, i.e. a purchase cost less than or equal to zero.
Cases (B) and (D) seem more interesting. In general, a purchase cost less than or equal to zero seems to be
a necessary condition for profitability. Considering the investment of the system, the conservative assumptions
and the fact that u = 1 for these results, a gain of 10% seems to be the minimum to find interest in the system.
A more variable electricity pricing will therefore be the key to this technology.
3.2. Impact of the gas consumption
Increasing gas consumption increases gains. It is obvious that the objectives in terms of reducing emissions of
greenhouse gases lead to avoid this solution. It is therefore an additional argument for an adapted electricity
pricing.
In the case of a gas-intensive industry, the system can be interesting. First of all, it allows to reduce the
electricity bill and to use the RES more advantageously. In a second time, its decarbonization will make the
system less efficient. However, since this transformation of the industry will be done over the next 30 years and
that the life cycle of a CB is of the same order, it is interesting to consider that the installation of the system will
already put in place heat recovery devices that will be later used for other purposes.
3.3. Discussion on the restriction of the industries studied
The industry studied is considered to be entirely operated by a single CB and storage (Section 2.1.2.). It is
possible to remove this assumption by dividing the processes by groups and linking each group to a CB and a
storage (so different Tw ). It is necessary to adapt the corresponding i indices in 13 and repeat the methodology



several times. The gains can then be summed up. This method, if not applied sparingly, has the disadvantage
of further distorting the results of reality by neglecting the investment cost of several systems instead of one.
An ambient temperature different from 20°C has a significant impact on the results (a lower Tamb improves the
gains and vice versa). This is one of the reasons why the characteristic period must be chosen carefully. It is
always possible to do once the methodology for a winter case and once the methodology for a summer case
and then average the results. The results for different Tamb are available in the Appendix A.
Finally, [5] demonstrates that considering only batteries with hot storage remains conservative.
3.4. Waste heat used
From Fig.13 and Appendix A, it appears that the maximum recoverable waste heat fraction is below 50% in
realistic cases for electricity pricing (A), (C) and (C*). For (B), (D) and (D*) this fraction can rise to between
60 and 70% for restricted areas of application. Thermal Integrated Carnot Battery is therefore not a dedicated
waste heat recovery technology (it makes use of it but with constraints).

Figure 13: Waste heat used Qw ,used/Qw to obtain the maximum gain for electricity pricing (A) and (C) with CB
based on Carnot cycles (Tw =100°C)

3.5. Optimized use of Thermal Integrated Carnot Batteries
Another application for Thermal Integrated Carnot Battery is the integration of district heating. This solution
has an interesting potential of profitability [10]. It could be possible to combine the two systems to increase
the potential benefits. In this case, the methodology of this paper can no longer be used as is. It is possible
to include the consumption of the district heating network in the ambient losses (Qamb,i for (14) or Qamb,tot for
(15)) . In this case, the results give lower gains to which must be added the economic gains due to the district
heating network.
The waste heat temperatures considered in this paper are based on a study [7] considering that higher temper-
atures waste heat are used to feed the lower temperature processes. In most sectors, waste heat above 200°C
is used for this purpose. The iron and steel industry and the glass industry are special cases. The waste heat
temperatures, although very high, are not converted because the majority of the processes require an even
higher temperature. The recovery of this waste is however not considered because its quality allows a much
more interesting balance with other technologies [1]. Graphs in Appendix A show the limits of the considered
system, for high temperatures, in terms of energy efficiency.
3.6. Non-self-consumed RES
The case of non-self-consumed RES are directly related to time constraints. Despite the assumptions made, it
is not possible to express the gain for all electricity pricing:

• (D*) is used instead of (C*) with Cmin
Cmax

= 0

• (D*) can be used as is

• (D) is used instead of (B) with Cmin
Cmax

= 0

• (D) can be used as is

For the transformations in (B) and (D), a strong assumption must be made: non-self-consuming production
occurs only when the network is saturated and imposes Csell = 0. In all these cases, the term Eel ,RES of the
correction 1 + (Eel ,RES/Eel ,grid ) factor must be evaluated as the sum of the RES production (self-consumed



or not). For (A) and (C), it is not possible to conclude. In any case, if the energy of the non-self-consumed
RES is small compared to the self-consumed RES, these steps can be neglected given the advantageous
assumptions on which the gain calculations are based.

4. Conclusions and perspectives
The objective of this paper was to determine Key Performance Indicators concerning the potential of Carnot
battery integrating waste heat recovery in Industry. A generic definition of the Carnot Battery was determined
according to Carnot and Lorenz. Industry was also described generically. The necessary assumptions were
made to cover as wide a range as possible. The different parameters of the system were then determined.
On the one hand for the industry with simple to define values: ratio of primary energy used, ratio of minimum
and maximum electricity costs, temperatures of available waste heat, and electricity pricing type. On the other
hand, the Carnot Battery parameters are optimized to give the most optimistic results. For each combination
of industry parameters, a maximum gain is calculated, which is the main result of this work. Throughout,
conservative assumptions are applied so that the results are as robust as possible.
Industries using at least as much electricity as gas and for which the ratio of the minimum (positive) purchase
price to the maximum selling prices is over 50% cannot expect significant benefits from using Carnot batteries
integrating waste heat recovery. Intermediate results are also defined and discussed leading to the following
conclusions:

• Electricity pricing with high variability and negative purchase prices will be the key to this technology.

• The application of Lorenz cycles can theoretically significantly increase the benefits of the system com-
pared to Carnot cycles in the least favorable cases.

• The system is more efficient for gas-intensive industries. It can be a gateway to low temperature waste
heat recovery.

• The amount of waste heat recovered remains low in all cases. It is used for the benefit of the system, but
Thermal Integrated Carnot Battery is not a dedicated waste heat recovery technology

• The introduction of other heat streams (District Heating) can contribute to the sustainability of the system.

• It is difficult to conclude in the case of a Renewable Energy Sources not entirely self-consumed without
strong assumptions. Further study will often be required.

An interesting perspective will be to test several cases and to position them on the graphs. This will allow
to determine more precisely which industries are unsuitable for the system and which ones would deserve a
more advanced study. On the other hand, it would be interesting to realize a more complex model integrating
temporal considerations, investment prices and a Carnot Battery defined according to considerations closer to
reality. Describing this model on the basis of the same parameters as those of this paper will allow the second
more advanced study. Finally, the confrontation of the results with other storage systems as well as with a
model integrating more widely the use and the management of heat flows would be of great interest.

Appendix A Additional mappings
Although reduced to a minimum, the number of parameters in this study only allows to propose mapping for
illustration purposes. In order to provide to the reader the specific KPIs adapted to his case of interest, all the
results for the considered ranges can be found at: https://hdl.handle.net/2268/302631

Nomenclature
Latin letters

C electricity cost, e/J

cp specific heat, J/kg.K

E energy, J

g ideal cycle efficiency, −

m mass, kg

Q thermal energy, J

Greek symbols

η efficiency

S entropy, J/K

t time, s

T temperature, K

u usability factor, −

W electrical energy, J

https://hdl.handle.net/2268/302631


Abbreviations

CB Carnot battery

COP coefficient of performance

HE heat engine

Subscripts

amb ambient

aux auxiliary

c cold

el electric

h hot

in input

max maximum

HP heat pump

KPI key performance indicator

RES renewable energy source

min minimum

out output

p process

s selected

sto storage

tot total

w waste heat
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Abstract:
In the process of energy transition, the share of renewable energy sources is increasing. This leads to strong
fluctuations in power generation. To balance supply and demand, energy storage is required. Carnot batteries
could be a promising storage technology to solve this problem. These batteries convert electrical energy into
thermal energy through an electrical resistance heater or a heat pump and stores this energy for a period of
time. Later, the thermal energy is converted back into electrical energy through a heat engine.
A Carnot battery with a two-zone tank and water as a storage medium was investigated. This type of storage
allows storage temperatures above 100 ◦C under atmospheric conditions. The system studied here applies
a storage temperature of 115 ◦C. Charging is realized with a CO2 heat pump, while discharging uses a heat
engine with an organic fluid. This Carnot battery was implemented and simulated in EBSILON R©Professional.
The supplied electrical power was 18 MW and the maximum outlet temperature was 150 ◦C. Derived from
the day-ahead market [1], a charging and discharging time of 4 h was applied. To identify the most promising
concept for practical applications, the round trip efficiency, levelized cost of electricity (LCOE), and technology
readiness level (TRL) of the different Carnot battery configurations were compared. In addition, a simplified
sensitivity analysis was performed to assess the influence of the uncertainties of the economic parameters on
the LCOE. Furthermore, the change in the LCOE with a variation in the charging and discharging duration was
investigated.
The advantage of a CO2 heat pump is that applications with high input power have already been implemented,
which leads to an estimated TRL of at least 6. By contrast, heat pumps for temperatures above 100 ◦C utilizing
screw or piston compressors are only available for lower power applications.

Keywords:
Carnot Battery, CO2 Heat Pump, Organic Rankine Cycle, Water Storage Tank.

1. Introduction
Electricity generation from renewable energy is subject to fluctuations due to weather conditions. To ensure
a secure power supply with an increasing share of renewable energy, energy storage systems are needed to
temporarily store electrical energy, and thus compensate for fluctuations. Pumped thermal electricity storages,
known as a Carnot battery (CB), is a promising technology in this respect. A CB is a system that converts
electrical energy into thermal energy through an electrical resistance heater or a heat pump and stores this
energy for a period of time. Later, the thermal energy is converted back into electrical energy through a heat
engine. CBs have been studied in different configurations involving supercritical, transcritical, and subcritical
processes [2]. Comprehensive overviews of CBs can be found in [2, 3]. For storing thermal energy, sensible,
latent, or thermo-chemical energy storage systems are available. A sensible energy storage system consists of
a single storage tank with a thermocline (stratified storage) or two tanks, where the storage medium is pumped
from one tank into the other.
An overview of the research literature is given below. This study focuses on configurations in which CO2
transcritical processes are used. Several authors dealing with CBs have considered transcritical processes
predominantly using CO2 [4–11] as a working fluid. Energy storage on the hot side is often realized in tanks
with hot water [4,7,8,10]. This allows a temperature glide between the storage medium (water) and the working
fluid. On the cold side, either an ice storage tank [4, 7] or the environment [10, 11] are considered as storage
units.
Mercangöz et al. [9] described a transcritical charging and discharging process using CO2 as a working fluid.
The concept included two storage units, one of which stored thermal energy at higher temperatures in water



tanks at a maximum temperature of 123 ◦C and the other stored energy in an ice storage tank at a temperature
of -5 ◦C. Because of the irreversibilities that occur in the process, the ice storage is supplemented by an
additional circuit during the charging process to dissipate losses to the environment. With a nominal turbine
power of 1 MW (ηturbine = 86 %, ηcompressor = 81.5 %, ηexpander = 80 %, and ηpump = 80 %) for a pilot project and
a nominal turbine power of 50 MW (ηturbine = 91 %, ηcompressor = 89 %, ηexpander = 88 %, and ηpump = 86 %) for a
commercial plant, round trip efficiencies of 51 % and 65 %, respectively, were achieved.
Morandin [4,5], starting from the base case, optimized the transcritical CO2 charging and discharging process.
The base case included, on the hot side, a sensible energy storage system using water as a storage medium,
with several tanks storing energy at different temperatures, and, on the cold side, an ice storage system
consisting of two tanks. The ice storage tank contained a salt mixture to lower the freezing point to -21.2 ◦C.
An air fan was also integrated into the charging and discharging process to release the resulting irreversibilities
to the environment in the form of heat. By optimizing the base case with eight water tanks and a maximum
discharge temperature of 177 ◦C, a round trip efficiency of 60 % was achieved. By adding an internal heat
exchanger in the charging and discharging process to the base case configuration, the round trip efficiency
was increased to 62 %. The expansion of the working fluid occurs in the two phase/wet steam area, which
is associated with technological problems. To prevent these problems, a throttle can be used instead of the
expander, which in turn leads to a drop in round trip efficiency.
Another study on CB was presented by Kim et al. [8], based on Morandin and Mercangöz [4,9]. Nevertheless,
in the study by Kim et al. [8] the concept involved isothermal compression/expansion using a liquid expander
and a water injection to cool the working fluid during the charging process and to heat it during the discharging
process, respectively. At a maximum pressure of 160 bar and a maximum charging temperature of 150 ◦C,
and under high isentropic efficiencies (ηcompressor,charging = 90 %, ηexpander,charging = 85 %, ηcompressor,discharging =
0.85 %, ηexpander,discharging = 90%) an overall efficiency of 74.5 % was obtained.
Steinmann et al. [7] studied a CB that consisted of transcritical CO2 cycles and two storage units at different
temperatures. The first storage unit was a pressurized water storage tank with a temperature up to 160 ◦C.
The other one was an ice storage unit with a temperature of 0 ◦C. With an isentropic compressor and turbine
efficiency between 80 % and 90, % the round trip efficiency was about 45 %.
Baik et al. [10] investigated CBs with a transcritical CO2 process involving two-tank liquid systems, each on
the hot and cold side. The tanks on the cold side used the environment with a temperature of 20 ◦C as a heat
source and heat sink, respectively. These storage tanks were operated with water. Compared to the concepts
in [4, 5, 7], a throttle was integrated into the charging process instead of an expander. The maximum storage
temperature was 120 ◦C and isentropic efficiencies of 85 % were assumed for the: compressor, turbine, and
pump. The round trip efficiency was studied as a function of the lower storage temperature of the two-tank
system on the hot side, which varied between 25 and 70 ◦C. Under these conditions, round trip efficiencies
ranged from 14.7 % to 29.1 %, with the maximum reached at the lower storage temperature of 40 ◦C on the hot
side.
Koen et al. [11] analyzed the transcritical process by testing different working fluids, such as CO2, R1234yf,
R1234ze(e), R1234ze(z), R152A, R161, R13I1, and ammonia, and different storage media such as wa-
ter,Therminol D12, and Therminol 66. The concept included a compressor and an expander for both charging
and discharging processes. A storage unit was implemented on the hot side, designed as a two-tank system.
A low-temperature storage tank was dispensed, with and thus, a heat exchanger used the environment as the
second storage unit. Under optimal operation conditions with polytropic component efficiencies of 90 %, round
trip efficiencies between 50.5 % and 57.6 % were obtained. The best result was achieved using the working
fluid R13I1 at a maximal storage temperature of 206 ◦C.
The described concepts generally use the round trip efficiency to evaluate their configurations. In this study,
besides the round trip efficiency, the levelized cost of electricity (LCOE) and the technology readiness level
(TRL) were determined to answer the following questions:

With which CBs could a system be realized in a timely manner?

Which efficiencies are achieved and what are the resulting LCOEs of the investigated CBs?

How does reducing the pinch point of the heat exchangers affect the round trip efficiency, purchased
equipment cost, and LCOE?

The study focuses on various CB concepts based on the transcritical charging process with CO2 as a working
fluid. Using CO2, an appropriate compressor at an outlet temperature greater than 100 ◦C, allows the imple-
mentation of a heat pump at a larger scale [12, 13]. So far, it is only possible to implement heat pumps in the
kW range with positive displacement machines, using a high compressor discharge temperature [14]. A two-
zone storage tank is used as a thermal energy storage (TES). This type of storage consists of an upper and a
lower chamber, which are separated from each other by a partition wall. These chambers are filled with water



at different temperatures and are connected by pipes. The water in the upper chamber exerts pressure on the
lower chamber. This allows the storage of water in the lower chamber in a pressureless state at temperatures
> 100 ◦C. Compared to pressure-loaded tanks with water, the two-zone storage tank is a safer and cheaper
option [15]. In combination with the two-zone storage tank, the working fluid (CO2) is suitable for the trans-
critical charging process. This mode of operation has the advantage that the CO2 approximates the course of
the temperature glide of the storage medium (water) in the two-zone storage tank. One way to discharge the
TES is to use a heat engine, which is also operated with the same working fluid (CO2) in transcritical mode.
Alternatively, subcritical processes with different organic working fluids can be considered as these subcritical
processes are already used in practice, (e.g., in geothermal plants) [16].

2. Design and Simulation of the Carnot Battery
The CB consists of a transcritical charging process and a sensible thermal energy storage (TES). The dis-
charge of the TES is either transcritical or subcritical. The schemes of the charging and discharging subpro-
cesses are shown in Fig. 1 a) and b), respectively. The subprocesses are described below.
Charging Process

Excess electrical energy is used to compress the working fluid to a supercritical pressure (HP1-HP2). Af-
ter transferring the heat to the TES (HP2-HP3), the working fluid is further cooled in the regenerative heat
exchanger (HP3-HP4) until the liquid state is reached. Then, the working fluid is first expanded in a liquid
expander to a nearly saturated liquid (HP4-HP5) before it is further expanded in the throttle to the evaporating
pressure (HP5-HP6). The working fluid evaporates in the heat exchanger (HP6-HP7) by the heat supply from
a river and is further heated in the regenerative heat exchanger (HP7-HP1).
Discharging Process

The liquid working fluid is compressed in the pump to a high-pressure level (HE1-HE2). Heat is then transferred
to the fluid in the heat exchanger (HE2-HE3), using the two-zone energy storage. In a transcritical process, the
fluid is heated with a phase change during temperature decrease, whereas in a subcritical process, the fluid
undergoes a phase change at a constant temperature and evaporation also takes place. Then, the working
fluid is expanded in the turbine (HE3-HE4), which drives the generator. To close the cycle, the working fluid
is condensed in the heat exchanger (HE4-HE1) by releasing the heat to a river and reaches the initial state
(HE1).
For the discharging process, a heat engine in transcritical operation mode with the same working fluid (CO2)
as in the charging process was compared with heat engines in subcritical operation mode, using the following
working fluids:

• R600a (isobutane), R134a, and R245fa as these fluids are already used in geothermal power plants [16].

• R1233zd(E), as this working fluid is already used in CB laboratory setups [17,18].

• R1234yf, discussed as replacement fluid for R134a [19].

• R290 (propane), which is used in refrigeration and heat pump systems [20].

2.1. Modeling and Simulation
The modeling and steady-state calculation of the Carnot battery were performed in EBSILON R©Professional
[21]. For this purpose, the components (e.g., the turbine, heat exchanger, and others) are placed on the graph-
ical surface and connected by lines. The line between the components corresponds to electrical, mechanical,
or physical lines through which fluids flow. At a point of the physical line, a starting value and the fluid must
be defined. With further measuring points, which are to be placed on the corresponding lines, further oper-
ating points in the system can be defined. The component ’controller’ allows changing an actual value until
the setpoint is reached. These controllers are used to determine the mass flow in the subprocesses. For
implementing different working fluids, substance databases such as Refprop [22] are available.
The charging process is supplied with 18 MW of electrical power, which is needed to operate the compressor
and the two pumps for pumping the river water and the hot water from the two-zone storage. According
to [12], the upper pressure and temperature level in HP2 is a maximum of 140 bar and 150 ◦C, respectively.
The maximum storage temperature in ST1 is 115 ◦C and is based on the already implemented two-zone
storage [15]. The heat losses in the two-zone storage tank are neglected in this work. To evaporate the CO2 in
the heat exchanger from HP6-HP7, water is taken from the environment at 10 ◦C and 1 bar (state: w1), which
is reduced by 5 K (state: w3).The temperature in HP6 is determined by specifying a terminal temperature
difference or a pinch point in the heat exchanger. This, in turn, results in the evaporation pressure and thus the
pressure HP6 and HP7. The same pinch point is specified in all heat exchangers. Pressure losses are also
neglected in the process. Isentropic, mechanical, and electrical efficiencies of the components are specified



te
m

pe
ra

tu
re

 t 
in

 °
C

specific entropy s in kJ kg-1K-1

te
m

pe
ra

tu
re

 t 
in

 °
C

te
m

pe
ra

tu
re

 t 
in

 °
C

specific entropy s in kJ kg-1K-1

HE1
HE2

HE3

HE4

HE1
HE2

HE3

e) f)

5.5 bar

9.5 bar10.1 bar

5.7 bar

te
m

pe
ra

tu
re

 t 
in

 °C

specific entropy s in kJ kg-1K-1

c)

HP1

HP2

HP3
HP4

HP7

139.4 bar

56
.7 

ba
r

34.9 bar

specific entropy s in kJ kg-1K-1

d)

HE2

HE3

12
0.5

 ba
r

55.4 bar

0.75 1 1.25 1.5 1.75 2 2.25
-20

0

20

40

60

80

100

120

140

0.75 1 1.25 1.5 1.75 2
-20

0

20

40

60

80

100

120

0.75 1 1.25 1.5 1.75 2
-20

0

20

40

60

80

100

120

0.75 1 1.25 1.5 1.75 2
-20

0

20

40

60

80

100

120

HE4

HE4

HE1
HP5

HP6

G

  

 

M

M

M

M

M

M

G

160

HP1

HP2

HP3HP4

HP5

HP6 HE1

HE2 HE3

ST1

HE4
HP7

w1

w2w3

ST1a

ST1

ST2

w4

w5
w6

ST2a

ST2

a) b)

Figure 1: Scheme of the a) charging cycle and b) discharging cycle; t,s diagram of c) charging with CO2; d)
discharging with CO2; e) discharging with R1234yf and f) discharging with R134a [22].



(see Table A.1). These values are the same for all concepts. As a condition, the lower storage temperature
TST1 is defined in such a way that the CO2 is liquid in state HP4.
2.1.1. Results of the Simulations

Tables 1 and 2 present an overview of the simulation results for the different configurations when two different
pinch points are specified. Under a pinch point of 5 K, the transcritical CO2 discharge process (Configura-
tion 1) achieves the highest round trip efficiency (21.9 %), whereas the other configurations with ORC fluids
vary between 9.6 % and 13.7 %. In general, a decrease in pinch point leads to an increase in round trip ef-
ficiency. This may be because, the evaporation pressure in the discharge process can be increased and the
condensation pressure in the discharge process can be decreased. The overall process of Configuration 1
thus increases in efficiency from 21.92 % to 33.48 %. A greater increase in round trip efficiencies is achieved
with Configurations 2-6 (see Figure 2) compared with the pinch point of 5 K. The lower pinch point allows the
lower storage temperature TST1 to be increased, which has a positive effect on the heat engine. However, the
lower storage temperature is limited upward, otherwise, the state of aggregation before the liquid expander
in the heat pump is gaseous. Figure 2 shows the temperature curves of the fluids in the heat exchangers
between HP2 and HP3 and between HE2 and HE3, assuming different pinch points. With a reduction of pinch
point, the cost of the purchased equipment increases because of the need for a larger heat exchanger area.
Considering the LCOE, the financial cost at the expense of efficiency is examined as well. In the following, the
working fluids R1233zd(E) and R245fa are not considered for the economic analysis because of the low round
trip efficiencies and the low pressure ratios obtained in the discharge process.

Table 1: Results of the simulation with a pinch point of 5 K in the heat exchangers. COP = 3.04, TST1 = 35◦C
and TST2 = 115◦C.

Configuration 1 2 3 4 5 6 7
Discharging process
Fluid CO2 R600a R134a R245fa R290 R1234yf R1233zd(E)
pev in [bar] 120.5 4.8 9.5 2.2 12.9 10.1 1.8
pcon in [bar] 55 2.9 5.5 1.2 8.1 5.7 1.1
ηHE in [%] 7.94 3.83 4.28 3.73 4.22 4.48 3.17
ηrt in [%] 21.92 11.64 13.01 11.35 12.84 13.63 9.65

Table 2: Results of the simulation with a pinch point of 1 K in the heat exchangers.

Configuration 1 2 3 4 5 6 7
Charging process
Fluid CO2 CO2 CO2 CO2 CO2 CO2 CO2
COP in [-] 3.57 3.24 3.2 3.19 3.20 3.21 3.20
TES
TST1 in [◦C] 30.9 41.1 42.4 42.3 42.4 41.8 42.4
Discharging process
Fluid CO2 R600a R134a R245fa R290 R1234yf R1233zd(E)
pev in [bar] 140 7.9 17.3 4.2 21.8 18.4 3.3
pcon in [bar] 51 2.6 5.0 1.0 7.7 5.1 1
ηHE in [%] 9.39 8.45 9.40 8.69 9.41 9.47 7.83
ηrt in [%] 33.48 27.38 30.03 27.77 30.07 30.44 25.03

3. Economic Analysis
This subchapter describes the methods used for calculating the purchased equipment costs (PECs) as well as
the levelized cost of electricity (LCOE).
3.1. Equipment Cost
In addition to its efficiency, the cost of a CB is also important. For a first estimation of component costs,
the Turton method [23] was used. With this method, the PECs are calculated on the basis of cost functions,
which result from predefined factors and characteristic size parameters, such as the power or heat exchanger
area.The estimation of the PEC of the generators’ was based on the six-tenths rule [24]. The reference values
were obtained from the cost of the generator by Balli et al. [25]. The PEC of the throttle was negligible compared
to the other components. A detailed description for estimating PEC is available at [26]. For calculating the PEC
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Figure 2: t,Q diagram of a) Configuration 1 in the heat exchanger (HP2-HP3) with pinch point= 5 K; b) Con-
figuration 1 in the heat exchanger (HE2-HE3) with pinch point= 5 K; c) Configuration 1 in the heat exchanger
(HP2-HP3) with pinch point= 1 K; d) Configuration 1 in the heat exchanger (HE2-HE3) with pinch point= 5 K; e)
Configuration 6 in the heat exchanger (HE2-HE3) with pinch point= 5 K; f) Configuration 6 in the heat exchanger
(HE2-HE3) with pinch point= 1 K for illustration of the curve between the fluids.

of the two-zone storage tank, an average value of 550e/m3 [15] was applied. The PECs are based on specific
reference years. Hence, it is necessary to update costs by considering the price development, inflation, and
other factors, with the aid of the cost index Chemical Engineering Plant Cost Index (CEPCI). For the selected
reference year (2021), the CEPCI was 708 [27]. The official exchange rate of the European Commission [28]
was applied for converting other currencies into euros.
3.2. Levelized Cost of Electricity
For comparing the CB configurations, LCOE was calculated according to [29]. The LCOE is composed of the
economic expenditure of the system during its lifetime and the total amount of electricity generated. Taking into
account the purchase cost of the supplied electrical energy cel,in, the LCOE can be calculated according to the
following equation:

LCOE =
I +

n!
t=1

At
(1+i)t

n!
t=1

Ent ,el
(1+i)t

+
cel

ηrt
. (1)

The time period is set to n = 25 years. The aim is to operate the CB 365 days a year with a uniform
charging and dicharging time of ∆τ = 4 h. This results in the annually produced amount of electricity Ent ,el
with Ent ,el = 365 ·∆τ · Pout. The investment costs I include not only the PECs, but also take into account other
costs (e.g., for pipes, measuring devices and installation) [30]. To determine the investment costs I, the total
PECs are multiplied by the Lang factor (FLang = 4.74) [30]. The annual operation and maintenance costs At are
determined using a constant factor Fop = 0.015. This factor (Fop) is multiplied by the total investment costs.The
purchase cost cel,in of the supplied electrical power during charging is determined using the day-ahead market
for Germany and Austria of the European Energy Exchange. Application of the approach of Dietrich [31] to the
reference year 2021 results in a purchase cost of cel,in = 6.64e cents/(kWh)−1 [32]. The debt interest rate
i is estimated from the program ’Renewable Energies Standard’ [33] of the credit bank KfW. This program is



finances renewable energy systems such as battery storage and power-to-X systems and enables debt capital
financing of 100 %. A debt interest rate of i = 3.49 % [34] was selected for the program at a maximum fixed
interest period of 20 years. Because the period of time is 25 years in this study, we assumed that the interest
rate remains fixed and does not change over the additional 5 years. No adjustments for inflation were made.
3.3. Results of the Economic Analysis
Table 3 gives an overview of the total PEC and LCOE of the different configurations for a uniform charging and
discharging time of 4 h at a pinch point of 5 K in all heat exchangers. The total PEC of the subcritical processes
of Configurations 1-3,5,6 averages 12.209· 106 e. Configuration 1, based on the CO2 HE, has PECs about
3 million euro higher than others. Despite, Configuration 1 has the lowest LCOE (123ecents (kWh)−1). The
other configurations are in the range of 183-214ecents (kWh)−1 because of their poor round trip efficiency.
With the decrease in pinch point, component costs for Configuration 1 increased by almost 57 %, whereas the
other configurations became on average 20 % more expensive (see Table 4). A higher LCOE for Configuration
1 was obtained. This is mainly due to the increased costs for the heat exchangers, resulting from the reduced
temperature differences within them in the heat engine, from the hot TES to the discharging process. For the
other configurations, a reduction in pinch point had a positive effect on LCOE, which was reduced by 50 % on
average. Tables 5 and 6 show that the LCOEs were further reduced with a uniform charging and discharging
time of 5 and 6 h, respectively. The two-zone storage system should be larger, but this additional cost does
not affect the total PEC or the LCOE as much. In addition, Fig. 3 compares the shares of the PECs of the
different components for Configuration 1 (CO2) and for Configuration 6 (R1234yf) with different pinch points.
The subprocesses of charging, storage, and discharging are presented in different colors. For all variants, the
compressor (including the motor) is the most cost-intensive component, but with a lower pinch point, the cost
proportion of the heat exchangers increases. The distributions of the PECs of the other configurations are
similar to Configuration 6.

Table 3: PEC and LCOE with a pinch point of 5 K in heat exchangers during uniform charging and discharging
for 4 h.

Configuration 1 2 3 5 6
PEC [106 e] 15.387 12.152 12.213 12.236 12.233
LCOE [ecents (kWh)−1] 123 214 192 195 183

Table 4: PEC and LCOE with a pinch point of 1 K in heat exchangers during uniform charging and discharging
for 4 h.

Configuration 1 2 3 5 6
PEC [106 e] 24.118 14.670 14.683 14.712 14.751
LCOE [ecents (kWh)−1] 128 105 96 96 95

Table 5: LCOE with a pinch point of 5 K in heat exchangers during uniform charging and discharging for 5 h
with cel,in = 6.8e cents (kWh)−1

Configuration 1 2 3 5 6
PEC [106 e] 15.685 12.449 12.512 12.535 12.532
LCOE ecents (kWh)−1 106 187 168 170 160

Table 6: LCOE with a pinch point of 5 K in heat exchangers during uniform charging and discharging for 6 h
with cel,in = 7e cents (kWh)−1

Configuration 1 2 3 5 6
PEC [106 e] 15.984 12.747 12.810 12.833 12.830
LCOE [ecents (kWh)−1] 95 169 152 154 145

3.4. Sensitivity Analysis of the LCOE
A sensitivity analysis was performed to identify the parameters with the most substantial effects on the LCOE.
Table 7 lists the parameters and the corresponding results of the sensitivity analysis. The results of one
configuration are shown in this work, because they are comparable to those of the other configurations. Only
the absolute values differed among configurations. The fluctuation of the purchase costs exerted the greatest
influence on the LCOE. The lower and upper limits of the purchase costs corresponded to 2020 and 2022,
respectively. With a relative deviation of around 18.7 %, investment costs also have a major influence on the
LCOE. Fluctuations between 6 and 10 percent occur with different period of time and debt interest rate. Due



to the large uncertainties in LCOE, these configurations are not suitable to evaluate economic viability. In this
work, LCOE is applied to compare the different configurations.

pumps (HP)
0.1 %

compressor + motor (HP)
28.5 %

heat exchangers (HP)
18.9 %

liquid expander + generator (HP)
2.7 %

pumps (ST)
0.1 %

TES
4.4 %

turbine + generator (HE)
5.7 %

pumps (HE)
5,7 %

heat exchangers (HE)
34.1 %

pumps (HP)
0.1 %

compressor + motor (HP)
44.7 %

heat exchangers (HP)
9.9 %

liquid expander + generator (HP)
2.7 %

pumps (ST)
0.1 %

TES
7.8 %

pumps (HE)
5.2 %

turbine + generator (HE)
7.7 %

heat exchangers (HE)
20.2 %

a) b)

PECtotal = 15.387 · 106 €

PECtotal = 24.118 · 106 €

pumps (HP)
0.2 %

compressor + motor (HP)
56.3 %

heat exchangers (HP)
12.5 %

liquid expander + 
generator (HP)

5.4 %

pumps (ST)
0.1 %

TES
9.8 %

turbine + generator (HE)
6.5 %

pumps (HE)
0.4 %

heat exchangers (HE)
8.9 %

liquid expander + 
generator (HP)

4.6 %

compressor + motor (HP)
46.9 %

pumps (HP)
0.1 %heat exchangers (HE)

7.5 %

turbine + generator (HE)
7.6 %

pumps (HE)
0.5 %

TES
9.5 %

pumps (ST)
0.1 %

heat exchangers (HP)
23.2 %

c) d)

PECtotal = 12.233 · 106 € PECtotal = 14.751 · 106 €

Figure 3: PEC distribution for configuration 1 a) with a pinch point of 5 K, b) with a pinch point of 1 K and for
configuration 6 a) with a pinch point of 5 K and b) with a pinch point of 1 K.

Table 7: Sensitivity analysis of the LCOE for configuration 1 with a pinch point of 5 K

Parameter Value Variation of LCOE
Investment costs I 0.7 · Ibase case -18.68 %
(base case: 72.935 ·106 e) 1.3 · Ibase case +18.68 %
Factor for operational costs Fop 1 % -5.14 %
(base case: 1.5 %) 2 % +5.14 %
Period of time n 20 years +9.95 %
(base case: 25 years) 30 years -6.48 %
Debt interest rate i 2.39 % [34] -7.20 %
(base case: 3.49%) 4.69 % [34] +8.38 %
Purchase cost of electricity cel,in 1.82ecents (kWh)−1 -16.21 %
(base case: 6.64ecents (kWh)−1) 16.31ecents (kWh)−1 +32.54 %

4. Technology Readiness Level
The technology readiness level (TRL) scale of the European Commission [35] is a method used to assess
the maturity and readiness of a technology or concept. The TRL scale ranges from 1 to 9, with 1 being the



Table 8: TRL scale [35]

Phase TRL level Condition
1 Basic principles observed

Research 2 Technology concept formulated
3 Experimental proof of concept
4 Technology validated in lab

Development 5 Technology validated in relevant environment
6 Technology pilot demonstrated in relevant environment
7 System prototype demonstration in operational environment

Deployment 8 System complete and qualified
9 Actual system proven in operational environment

lowest level of technological maturity and 9 being the highest. In the following section, the TRL is applied to
the subprocesses.

4.1. Evaluation of the Subprocesses
CO2 heat pump
CO2 heat pumps using positive displacement machines and throttle for expanding CO2 are already offered on
the market. However, these are limited in their capacities [14]. A configuration similar to the concept in this
study was developed and successfully implemented in the form of a test rig by MAN Energy Solutions [12,13].
The necessary components are also offered by this company. Instead of a displacement machine a barrel
compressor is used, enabling a higher capacity. As a result, the subprocess is classified as TRL6. Since there
is not evidence yet of a prototype in a relevant operational environment, a TRL of 7 is not achieved.
Two-zone storage
This storage system is assigned a TRL of 8 because it is already being used in various facilities [15], but is not
yet in mass production.
CO2 heat engine
The CO2 discharging process has been studied experimentally [36]. Therefore, a TRL of at least 3 is achieved.
One manufacturer offers a commercial system [37] based on a supercritical process and with high temperature
heat supply. In our study, a lower heat supply temperature of 115 ◦C is used. Consequently, the subprocess is
assessed as TRL = 5, and still needs further testing and development under operational conditions to achieve
a TRL of 6.
ORC with R600a
In Grünwald, Germany [16], an ORC process with isobutane as the working fluid is already used to generate
electricity. An electrical output of 4.3 MW is achieved at a geothermal spring inlet temperature of 135 ◦C,.
Consequently, the subprocess achieves a TRL of 8.
ORC with R134a
A geothermal power plant using the working fluid R134a is in operation. The power plant is able to generate
5.5 MW of electrical power using a geothermal spring with an inlet temperature of 118 ◦C [16]. Therefore, the
HE is assigned a TRL of 8.
ORC with R290
Propane is widely used as a working fluid in refrigeration systems [20]. So far, only one research group [38] is
known to use propane in their transcritical process for geothermal power generation. Hence, the subprocess
results in a TRL of 5.
ORC with R1234yf
R1234yf was developed as a replacement for R134a. ORC with this working fluid has been investigated and
verified through numerical simulations, achieving a TRL of 3. However, a prototype or experimental investiga-
tion has not yet been developed or conducted, which is necessary to achieve a TRL of 4 [19].
4.2. Evaluation of the Overall Process
The TRL of the overall processes is determined by the lowest TRL resulting from the subprocesses. Configu-
rations 2 with R600a and 3 with R134a reach the highest TRL level with 6. The lowest TRL level is reached by
configuration 6 with R1234yf.

5. Discussion
Under the assumption of a pinch point of 5 K, the investigated configurations achieved round trip efficiencies
between 9 % and 22 % and LCOEs between 123 and 214ecents (kWh)−1, with Configuration 1 using CO2 in



the heat engine process achieving the best results. Reducing the pinch point demonstrated that configurations
using subcritical processes result in better round trip efficiencies and substantially lower LCOEs. Compared
to Configuration 1 with CO2 in the discharge process, increasing efficiency by 11.5 % results in a higher LCOE
because in the greater heat transfer surface area between the hot water and CO2 during the discharge. This
results in high component costs. Configurations 2 and 3 with R600a and R134a, respectively, achieved the
highest overall TRL and therefore enable prompt implementation. The ORC fluid R134 achieved better results
compared to isobutane. However, because of its high global warming potential (GWP), this fluid may be
excluded from ORC processes in the future by the European Union.
Although Configuration 1 with a pinch point of 5 K showed the highest round trip efficiency, the lowest LCOE,
and an overall TRL of 5, this combination with the environment as a heat reservoir is unsuitable because if the
ambient temperature increases, the evaporating pressure and temperature in the heat engine approach the
critical point of CO2, leading to technical problems. One possibility is the combination of an ice storage with an
intermediate circuit. However, in this case, a heat exchanger must be integrated into the process to dissipate
the heat generated by irreversibilities from the system to the environment. Nevertheless, indirect ice storage
adds further costs and irreversibility.
CBs based on transcritical CO2 cycles showed a substantially higher round trip efficiency in some studies
[4, 7–9, 11]. The reason for this is primarily due to the utilization of different CBs. First, the CBs use a second
storage tank at a low temperature, integrated directly into the subprocesses, either with ice slurry storage [9]
or ice storage [7]. Because of the high pressure of the working fluid (CO2), ice storage is not feasible [13]. Ice
slurry storage tanks are uncommon [39], resulting in a lower TRL level. Higher round trip efficiencies also result
for pressurized tanks with water at high storage temperatures, as shown in previous publication [4]. Moreover,
multiple high-temperature storage tanks are employed to improve the temperature glide between CO2 and the
storage medium (water). This necessitates the use of multiple heat exchangers, which substantially increase
the complexity of the system.
Furthermore, unlike the approach taken in this study, many publications do not account for losses in the motors
and generators, and rely solely on machine for the expansion process during charging, which could make the
system unfeasible from a technical point of view.
Another improvement in round trip efficiency is achieved through supercritical discharge processes and ORC
fluids as working fluids [11]. However, this requires higher storage temperatures and the use of alternative
storage media in case the storage medium exceeds 160 ◦C. Furthermore, an appropriate compressor that can
achieve high temperatures is needed for the charging process. Consequently, a low TRL is expected.
Under simplified assumptions, such as the absence of storage heat and pressure losses, the actual forward
and return efficiencies of the system are expected to be lower than those predicted by the configurations.

6. Conclusion and Outlook
In this study, CBs based on a transcritical CO2 charging process with an electrical power input of 18 MW were
numerically modeled and simulated stationarily, using the Ebsilon software. A two-zone storage tank with
water as a storage medium at a maximum temperature of 115 ◦C was used. For the discharge, a transcritical
CO2 process and subcritical processes with different organic working fluids were investigated and compared
to each other on the basis of round trip efficiency, LCOE, and TRL. With a pinch point of 5 K, Configuration 1
(transcritical CO2 HE) resulted in the highest round trip efficiency and the lowest LCOE. Despite an overall TRL
of 5, this configuration is unsuitable for implementation because the operating points of the evaporator in the
HE approach the critical point as the ambient temperature increases, which could lead to technical problems.
The other configurations resulted in very low round trip efficiencies, leading to a high LCOE. By reducing
the pinch point in the heat exchangers, the efficiencies can be increased, which has a positive effect on the
LCOE. Among the subcritical processes, the working fluid R1234yf (Configuration 6) could be an alternative.
However, this variant was classified with the lowest TRL level. Similar round trip efficiencies and LCOE at a
higher TRL level were achieved with the ORC fluid R134a (Configuration 3). However, the refrigerant R134a
has a high global warming potential and is already banned in the automotive sector [40]. The same TRL
level was achieved with R600a (Configuration 2), which has the highest LCOE due to its poorer round trip
efficiency. The economic values were estimated under considerable uncertainties, as the sensitivity analysis
on LCOE showed. Detailed information on component costs and a full financing calculation are required for an
economic evaluation of the configurations, as well as the specifications of an accurate plant design, such as the
isentropic efficiency of the turbine, compressor, and pumps. With a uniform charging and discharging time of
4 h, the LCOEs are very high, but can be reduced if the charging and discharging duration increases. Because
Configuration 1 is excluded as a possible option in this study, replacing the environment as a storage unit with
ice could be considered in further investigations to obtain an overview of the possible round trip efficiency,
LCOE, and TRL compared to the configurations studied here.



Appendix A
Table A.1: Component parameters used in Ebsilon

Parameter Symbol Value Unit
Isentropic efficiency compressor ηis,compressor 85 %
Isentropic efficiency liquid expander ηis,expander 85 %
Isentropic efficiency pumps ηis,pump 80 %
Isentropic efficiency turbine ηis,turbine 85 %
Mechanical efficiency compressor ηmech,compressor 99 %
Mechanical efficiency liquid expander ηmech,expander 99 %
Mechanical efficiency pumps ηmech,pump 99 %
Mechanical efficiency turbine ηmech,turbine 99 %
Mechanical efficiency motor ηmech,motor 99 %
Electrical efficiency motor ηel,motor 95 %
Electrical efficiency generator ηel,generator 98 %

References
[1] European Power Exchange, EPEX SPOT SE. https://www.epexspot.com [accessed 12.03.2023]
[2] Liang, T., Vecchi, A., Knobloch, K., Sciacovelli, A., Engelbrecht, K., Li, Y., Ding, Y., Key components for

Carnot Battery: Technology review, technical barriers and selection criteria. Renewable and Sustainable
Energy Reviews 2022;163:112478.

[3] Zhao, Y., Song, J., Liu, M., Zhao, Y., Olympios, A. V., Sapin, P., Yan, J., Markides, C. N., Thermo-economic
assessments of pumped-thermal electricity storage systems employing sensible heat storage materials.
Renewable Energy 2022;186:431-456.
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[12] Hirsch T. MAN Wärmepumpen-Wie wir die klimaneutrale Zukunft der Stadt Esbjerg gestalten. 27. Dresd-
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and design of a reversible heat pump-organic Rankine cycle pilot plant. Applied Energy 2021;288:116650.

[19] Garca-Pabn J.J., Mndez-Mndez D., Belman-Flores J.M., Barroso-Maldonado J.M., Khosravi A. A Review
of Recent Research on the Use of R1234yf as an Environmentally Friendly Fluid in the Organic Rankine
Cycle. Sustainability. 2021; 13(11):5864.

[20] Redouane Ghoubali, Paul Byrne, Frdric Bazantay, Refrigerant charge optimisation for propane heat pump
water heatersInternational Journal of Refrigeration 2017;76:230-244.

[21] Iqony Solutions GmbH, EBSILON R©Professional, Process Simulation Software. Available at: https://

systemtechnologies.iqony.energy/de [accessed 03.02.2023]
[22] Lemmon, E.W., Bell, I.H., Huber, M.L., McLinden, M.O. NIST Standard Reference Database 23: Refer-

ence Fluid Thermodynamic and Transport Properties-REFPROP. Version 9.1, National Institute of Stan-
dards and Technology, 2013.

[23] Turton R., Bailie R. C., Whiting W.B., Shaeiwitz J.A., Bhattacharyya D., Analysis, synthesis, and design of
chemical processes. Pearson, Upper Saddle River, 4th edition, 2013.

[24] A. Bejan, G. Tsatsaronis, M. Moran, Thermal Design and Optimization. Wiley-Interscience publication,
Wiley, 1996.

[25] Balli O., Aras H., Hepbasli A., Exergoeconomic analysis of a combined heat and power (CHP) system.
International Journal of Energy Research 2008;32(4):273-289.

[26] Koksharov J., Teles de Oliveira H., Dammel F., Stephan P., Evaluation of different pumped thermal energy
storage systems. In: Amano, Y., Sciubba, E., Elmegaard, B. (Editors). ECOS 2021: Proceedings of the
34th International Conference on Efficiency, Cost, Optimization, Simulation and Environmental Impact of
Energy Systems; 2021 Jun 27 - Jul 2; Taormina, Italy. p. 679-690.

[27] Towering Skills, Cost Indices, Available at: https://www.toweringskills.com/financial-analysis/

cost-indices/ [accessed 23.02.2023].
[28] European Commission, Exchange rate. Available at: https://www.ecb.europa.eu/stats/policy_and_

exchange_rates/euro_reference_exchange_rates/html/eurofxref-graph-usd.de.html [accessed
08.02.2023]

[29] Kost C.,Shammugam S.,Fluri V., Peper D., Memar A.D., Schlegl T., Stromgestehungskosten Erneuerbare
Energien. Study, Jun 2021.

[30] Towler G.P., Sinnott R.K., Chemical Engineering Design: Principles, Practice, and Economics of Plant
and Process Design. Butterworth-Heinemann, Boston, MA, 2nd edition, 2013.

[31] Dietrich A., Assessment of Pumped Heat Electricity Storage Systems through Exergoeconomic Analyses
[dissertation] Darmstadt, Germany: TU Darmstadt; 2017.

[32] entsoe, Transparency Platform. Available at: https://transparency.entsoe.eu [accessed 23.02.2023].

[33] KfW, KfW-Programm Erneuerbare Energien ’Standard’. Available at: https://www.kfw.de/

inlandsfoerderung/Unternehmen/Wohnwirtschaft/F\unhbox\voidb@x\bgroup\accent127o\

penalty\@M\hskip\z@skip\egrouprderprodukte/Erneuerbare-Energien-Standard-(270) [accessed
23.02.2023].
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Abstract:  

Today lithium-ion stands out among the various battery technologies in vehicle applications thanks to 

their good energy density, low self-discharge and the absence of the memory effect. Nevertheless, 

lithium-ion batteries pose many challenges such as driving range, lifespan, safety issues and also the 

charging time which is still significant  

 In order to reduce the charging time, it is necessary to inject a very high current into the battery which 

may drastically raise its temperature and thus reduce its lifespan. Today, in most cases, the battery pack 

of an electric vehicle is cooled through flat cooling plates, mounted either by the lateral or the bottom 

surfaces. These cooling plates can also be used to warm up the battery in cold weather. But during the 

fast charge, this configuration poses some problems and can be not efficient enough to cool or heat the 

batteries.  

In this study, a battery module is thermally managed not only by the bottom cooling plate but also by a 

second cooling plate placed on the busbars. According to simulations and experimental tests regarding 

one case study, this configuration makes it possible to not only cool the module more quickly by reducing 

the thermal time constant by 47% but also reduces the battery maximum pick temperature reached with 

a conventional cooling system by 6°C. It stands out that the top cooling plate acts like a thermal bridge 

which unifies the temperature inside the battery module and thus support the equal ageing process of 

the batteries.  

Keywords:  

Electric vehicle, batteries, thermal management, cooling plate, thermal gradient, lifespan  

1. Introduction  
The battery pack is the only and main source of energy of an electric car, and to be able to replace an 

internal combustion engine vehicle, several technical challenges exist that engineers and specialists 

must face, in order to both increase the autonomy and lifespan while reducing the charging time. Lithium-

ion batteries (LIBs) have gradually evolved from a variety of technologies due to their low self-discharge 

rate, high energy density and lack of memory effect, this type of batteries has revolutionized the energy 

storage technology and enabled the mobile revolution [1]. Li-ion batteries are available in different 

shapes and configurations, including cylindrical, prismatic and pouch cells. Temperature is one of the 

key limiting factors for battery pack performance and lifetime. Temperature heterogeneity inside LIBs 

causes different electrochemical reaction rates within the cells. This can lead to uneven current density 

distributions, local State of Charge (SoC) differences and local ageing differences, which may not only 

accelerate the global ageing, but also reduce the accessible energy of the battery. Temperature rise 

and spatial temperature gradient minimization inside the cell is among the main thermal challenges 

during fast charge [2]. Thermal Management Systems (TMS) are employed in majority of vehicles to 

counter these challenges [3]. A 5°C variation in temperature can reduce the battery pack’s capacity by  
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1.5–2% [4], and its power capabilities by 10% [5]. To improve cooling capability of LIBs, various 

researchers have incorporated different cooling techniques. Nowadays, liquid cooling, air cooling and 

phase change material are widely adopted for battery thermal management. Depending on the technical 

requirements and cost, battery pack manufacturers can use one or several cooling methods. The TMS 

can be classified into active cooling and passive cooling.  

 Active cooling consumes extra energy for pumps and fans powering but still more efficient than passive 

cooling[6]. The active liquid cooling can also be classified into direct-contact and indirect contact. For 

indirect contact, the liquid is a combination of water and ethylene glycol to avoid liquid freezing at low 

temperatures inside the cooling plates, while for direct contact, the liquid must be dielectric to avoid any 

short-circuits. Recently, the direct-contact liquid cooling method has gained increased attention due to 

its high cooling efficiency [7]. The battery thermal management serves to monitor, control and maintain 

the optimum operating temperature conditions of a battery. The items that are considered in designing 

the cooling plate are: (a) the cooling plate should maintain the temperature of batteries at the 

manufacturer’s recommended temperature during normal operation, (b) the cooling plate should 

dissipate maximum possible heat from the batteries in case of thermal runaway, (c) the coolant pressure 

drop inside the cooling plate should be minimized, and (d) the size and weight of the TMS should be 

minimized [8].   

 Although the above research has achieved remarkable results in battery thermal management, some 

challenging questions remain: (a) there is little previous literature on battery inner thermal gradient 

minimization based on both experimental tests and simulations, (b) so far, little work has investigated 

the benefits of cooling and heating the batteries by putting a cooling plate on top of the battery module, 

and its role in the battery thermal management.  

The aim of this study is to better manage the battery temperature by reducing not only the pick maximum 

temperature but also the inner thermal gradient, by adding a cooling plate on top of the battery module. 

The objectives of the present work are as follow:   

-perform different experimental tests on a battery module managed thermally in the first case by a bottom 

cooling plate and then by a top and bottom cooling plates  

-compare the results of both technologies in term of thermal management  

-build a model and do the calibration using the data acquired during the experimental tests  

-use the model to investigate other scenarios in extreme conditions (current and temperature), and of 

course assess the role of top cooling plate in the battery temperature variation. The last sections 

conclude and give perspectives on the research topic  

 

2. Electrothermal modelling of Li-ion batteries   
2.1. Battery module model  
The battery module consists of 12 prismatic cells connected with busbars to form a 3p4s battery module 

as represented in the Fig. 1(a). To model the battery module, a fine modeling of its constituents is 

necessary, by modeling the cells in Fig. 1(b) and also the busbars. Fig.1(c) shows the cover detached 

from the casing and also the Jelly roll (JR) which represents the heart of the cell and the main part of 

the battery.  

 In this section the proposed model is established. With the current, the initial temperature, and the 

environment temperature as inputs, the model can predict the internal temperature distribution and the 

state of charge of the battery. The battery module model consists of three sub models, a thermal model, 

an electrical model based on Electrical Circuit Network ECN and a heat generation model.  

 
Figure. 1. Structure of the studied system: a) battery module, b) battery cell, c) Cover detached from 

the casing and JR inside the battery cell  

      
( a )   ( b )   ( c )   



 

 One of the most critical steps for developing battery prognostics solutions is to establish a battery model 

which enables the auto-maker to simulate battery behavior and interpret battery issues in a form that 

can be understood by users and designers [9].  

Different methods from the electrical, thermal, mechanical and electrochemistry perspectives have been 

used to establish different battery models, and the dynamic behaviors of the battery regarding different 

charging/discharging rates and temperatures have been investigated. Among the various battery 

models, electro-thermal modeling is commonly used to study the relationship between the current and 

the temperature of battery. The battery electro-thermal model couples the electrical and thermal models 

closely. The initial inputs of the electrical model are the discharge current, the SOC level and the 

temperature. The inputs of the electrical model generates heat for the thermal model, this last provides 

a temperature output signal. Then this temperature signal is fed back to the electrical model, since the 

new temperature affects the electrical parameters such as the internal resistance.  

  

Generally, the heat generation of the battery 𝑄𝑔𝑒𝑛 during charge and discharge contains two parts: 

reversible and irreversible heats, and it can be expressed by Eq. (1). The entropy change is responsible 

for the reversible heat 𝑄𝑟𝑒𝑣 which can be expressed by Eq. (2), and the irreversible  𝑄𝑖𝑟𝑟 heat the heat 

generated by ohmic resistance is expressed by Eq. (3)  

𝑄𝑔𝑒𝑛 = 𝑄𝑖𝑟𝑟 + 𝑄𝑟𝑒𝑣 (1)  

 𝑄𝑟𝑒𝑣 = 𝐼 𝑇𝑏

𝑑𝑂𝐶𝑉

𝑑 𝑇𝑏

 (2)  

 𝑄𝑖𝑟𝑟 = 𝐼²𝑅 (3)  

  

In order to avoid the accumulation of heat at the level of the cell, this heat is often exchanged with the 

neighboring elements of the cell by conduction 𝑄𝑐𝑜𝑛𝑑, or dissipated by different TMS by convection 𝑄𝑑𝑖𝑠. 

The two modes of heat exchange are detailed in the two equations below Eq. (4) and Eq. (5) respectively  

 𝑄𝑐𝑜𝑛𝑑 =
(𝑇𝑛𝑒𝑖𝑔ℎ−𝑇𝐵)

𝑅𝑡ℎ
 (4)  

  𝑄𝑑𝑖𝑠 = ℎ𝑐𝑜𝑛𝑣( 𝑇𝑒𝑛𝑣 − 𝑇𝐵) (5)  

  

The battery temperature is affected by various heat transfer paths. To reduce the battery temperature, 

part of the heat generated has to be dissipated to the external environment in order to avoid the heat 

accumulation and thus reduce the temperature raise [10].  

  

2.1.1. Battery cell model  

The research object is a commercial 67 Ah prismatic battery cell. The battery cell specifications are 

tabulated in table 1.  

Table 1. Specifications of the battery cell  

Specification  𝑉𝑎𝑙𝑢𝑒  

Cathode material  NMC  

Anode material  Graphite  

Nominal capacity  67Ah  

Cut off voltages  2.8-4.2V  

Dimensions  150mm 30mm  

100mm  

Thermal conductivities  40-2.5-40 W/m.K  

Thermal capacity  1200 J/Kg.K  

  

The battery cell is a complex system since it consists of several elements such as JRs, a casing, a cover 

and electrical insulating films. To finely model the cell, the JRs and the casing are modeled in order to 

be able to represent the thermal behavior of the battery by having a temperature response at each point 

of the cell whether at inside or outside. The JR and the casing modeling approaches are now described.  

 



 

 2.1.1.1 JR modeling  

The challenge is to be able to visualize and quantify the temperature gradients within the cell, while 

having a model that can be simulated in seconds so that it can be embedded on an electric vehicle. 

Considering the complex geometry of the JR, it was necessary to design a mesh which makes it possible 

to represent all the heat exchanges in all directions inside the cell. To successfully reproduce the thermal 

behaviour of the JR, it is essential to provide a reliable mesh able to represent as good as possible the 

heat exchanges within the JR, and good assessment of the cell inner thermal gradient. The proposed 

model consists of meshing the JR in thickness as well as in height. The particularity of this mesh 

compared to what could be found in literature, is that it takes into account the orthoradial direction which 

shows that the heat can be exchanged between the meshes by going around the windings. The Fig. 2 

shows the proposed mesh by considering the three directions, axial (according to the height of the JR), 

radial (normal to the winding), orthoradial (parallel to the winding).  

  
Figure. 2. The proposed mesh of the JR  

The JR is obtained by wrapping the electrodes around a hollow space. Each turn is qualified as an 

elementary layer which is made of different sub layers. Each elementary sub layer has its own thermal 

conductivity and capacity, its own thickness as well as its own density. All these essential data for the 

thermal model are taken from literature in absence of having been able to obtain them from the supplier. 

The JR model is well detailed in [11] with all the equations that represent the physics at the JR level.  

To summarize, the heat generated by a mesh i,j can be calculated according to the following equation:  

 

                                                        �̇�𝑖,𝑗 = 𝑅30𝑠 𝑖,𝑗𝐼2
 𝑖,𝑗 + 𝐼 𝑖,𝑗𝑇 𝑖,𝑗

𝜕𝑂𝐶𝑉 𝑖,𝑗

𝜕𝑇 𝑖,𝑗

                                                                 (6)  

2.1.1.2 Casing modeling  

To get a full model of the cell, the JR have to be linked to the other elements of the cell that surround it, 

starting with the casing which acts as a thermal bridge between the JR and the external environment. 

In order to visualize the thermal gradient on the casing, the latter is meshed in height, and each mesh j 

of the casing is connected with a mesh imax,j of the JR. Since the casing is made of aluminium, its 

specific characteristics are known.  

  

2.1.1.3 Busbar modeling   

The busbar modeling strategy consists of breaking down the busbar into meshes and assign to each 

mesh the following Fourier equation:  

  𝑚𝐵𝐵𝑖𝐶𝐵𝐵
𝑑𝑇 𝐵𝐵𝑖

𝑑𝑡
= 𝑄𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 + 𝑄𝑑𝑖𝑠𝑠𝑖𝑝𝑎𝑡𝑒𝑑+𝑄𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 (7)  

 

where 𝑚𝐵𝐵𝑖 is the mass of a mesh i,j of a busbar, 𝐶𝐵𝐵, 𝐵𝑢𝑠𝑏𝑎𝑟 specific heat capacity, and 𝑄𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 

represents the heat generated mostly by Joule effect according to eq. (8) , 

                                                                        𝑄𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 =
𝜌 𝑙 𝐵𝐵𝑖

𝑆 𝐵𝐵

∗ 𝐼2                                                                          (8)  

𝑄𝑑𝑖𝑠𝑠𝑖𝑝𝑎𝑡𝑒𝑑, denotes the heat dissipated either by natural or forced convection, and 𝑄𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑑 𝑏𝑦 𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 

represents the heat that could be exchanged between the busbar and the upper part of the tab and also with 

the neighbouring meshes of the busbar. The fig. 3 shows the meshed busbar. The heat exchange by radiation 

was neglected in this paper.  



 

  
Figure. 3. The meshed busbar connecting six cells  

2.1.1.4 Battery module model   

Once the battery cell model is well obtained, it is duplicated 12 times to form the 3p4s module model, 

thus the module is made of 4 blocks of 3 cells each. The cells of the same block are coupled thermally 

through the busbars as well as through the meshes of their casings. Once the block is built, it is 

duplicated four times by assuming that the cells are identical, and they have all the same characteristics. 

Then the four blocks are coupled thermally together through busbars to form what we call a 3p4s battery 

module.  

Figure 4(b) shows the temperature responses of the 12 cells for the current profile represented in the 

Fig. 4(a). This current profile was chosen to represent both charge and discharge scenarios, and also 

investigate the electrical resistance variation as function of SoC. 

The hypothesis are not detailed for this part, because the goal is to show that the model allows to have 

the temperature responses of the twelve cells for a given current profile, the assumptions will be detailed 

in the part dedicated to (results and comparison).  

 
(a)                                                                           (b)  

Figure. 4. Simulation results after building the model: a) Input current, b) cells temperatures                       

2.2.  Model calibration   
Before starting the calibration of the module model, some assumptions have been considered.  

2.2.1. Assumptions  

The following assumptions have been made for model calibration  

-the cells inside a module are all identical  

-the presence of thermal spacers between the blocks means that the only thermal path between the block 

of cells becomes the busbars  

-the electrical resistances between the busbars and the tabs are considered null.  

-the temperatures of the air in the climatic chamber and of the liquid circulating inside the plates are 

constant throughout the test.  

-the initial and boundary conditions of the model are supposed to be suitable to the experiment conditions  

  

  
Figure.5. Battery module thermal management: a) module without any cooling plate, b) module with 

bottom cooling plate, c) module with top and bottom cooling plates  

        

    
( a )   

( b )      ( c )   



 

2.2.2. Battery module without any cooling plate  

 In order to calibrate the model detailed above, some electrothermal tests have been carried out on the 

3p4s module. The first tests have been carried out on the module without any cooling plate as shown in 

the Fig. 5(a), and the goal is to reproduce correctly the thermal and electrical responses of the twelve 

cells. At first the battery module has been put in a climate chamber. So, the first parameter to be 

determined was the heat exchange coefficient ℎ𝑐𝑜𝑛𝑣. The second parameter was the contact electrical 

resistances between the electrical load and the battery module terminals. These contact electrical 

resistances can play a very important role in the thermal behavior of the batteries, especially when the 

contact is bad.  

2.2.3. Battery module with a top and bottom cooling plate  

The same electrothermal tests have been carried out, first on the battery module coupled to a bottom 

cooling plate (first case see the Fig. 5(b)) and then on the battery module coupled to the top and bottom 

cooling plates (second case as shown by the Fig. 5(c)).   

Once the data acquisition is done through thermocouples, the goal was to assess the benefits of adding 

the cooling plates and then compare the technologies in term of efficiency in thermal management of 

the batteries. At the model level the only parameters that had to be determined in order to reproduce 

the thermal responses of the cells were: (a) the thermal resistances between the bottom cooling plate 

and the bottom surfaces of the cells for the first case and (b) the thermal resistance between the top 

cooling plate and the busbars for the second case.  

3. Measurement setup and test procedures  
A dedicated test stand has been developed to assess the efficiency of the cooling system extended with 

a cooling plate through the upper surface on which the connection electrodes are installed. All 

experimental tests were performed for the same battery module at the same, strictly controlled 

conditions. Each time, preconditioning procedure was preceded to reach the same initial state of charge 

and state of health of the tested battery module before tests. The test stand consists of the Li-Ion battery 

module, the thermal management system, charging/discharging system and a control and acquisition 

system.     

3.1. Tested battery module  
For the evaluation of the cooling improvements, the high-power battery module has been selected. The 

battery module was made of 12 Li-Ion prismatic cells connected in the 3s4p setup. Technical parameters 

of the cells were listed in subsection 2.1. 

3.2. Thermal Management system and thermal test procedure  
The thermal management system consists of two water cooling plates, water chiller and thermal 

chamber. As shown in Fig. 6, the battery module was placed in the thermal chamber. The bottom 

dedicated cooling plate was connected in parallel with top cooling plate and supplied from the chiller 

CW-6100AN. The inlet temperature of purified water was control by the chiller. Cooling plates were 

integrated with battery module through 3 mm thick thermal pad. 

  
Figure. 6.  The diagram of the thermal management system 



 

4. Experimental results  
 

4.1. Charging battery module  
The thermal response of the battery module was measured during charge test, where coolant 

temperature was set at TC = 20 ºC and ambient temperature was TA = 25 ºC. The thermal response of 

battery module with only bottom cooling plate during the charge test is shown in Fig. 7. The temperature 

of a bottom cooling plate was measured by sensor labeled as Tcp which was placed between battery 

module and cooling plate. Temperature inside climate chamber was recorded by two sensors TA and 

TA1. Time constant for this process equals to τ = 5700s. Maximum temperatures were recorded on 

terminals of tested module. The temperature 49.6°C was recorded by sensor 37. The highest 

temperature recorded inside battery module exceeded 43°C (sensor 19, sensor 20, sensor 21) and it 

was recorded during highest charge current ICHA = 190A. On the other hand, the lowest temperature was 

recorded on side walls of battery module, and it did not exceed 37°C (sensor 43, sensor 45, sensor 41 

and sensor 40).   

  
Figure. 7. Thermal response of battery module with bottom cooling plate during charge process, 

where TA = 25 ºC,  TC =20 ºC  

  
Figure. 8. Thermal response of battery module with top and bottom cooling plate during charge 

process, where TA = 25 ºC, TC =20 ºC  

 
Additional top cooling plate caused drop of maximum temperature measured on terminals to 44°C 

(sensor 37) and 35°C (sensor 38) as shown in Fig. 8, and also the drop in the average temperature of 

battery module. Highest temperature recorded by sensors placed inside the battery module (e.g. sensor 

19, sensor 20, sensor 21) was 37°C and it was lower by 6°C in comparison to the test with only one 

cooling plate. Temperature on the side walls of battery module did not exceed 33°C. Cooling time 

constant was decreased by 44% from τ = 5700s to τ = 3180s. Another advantage of adding the top 

cooling plate is clearly visible with a smaller temperature discrepancy inside the battery module from 



 

7°C to 3.5°C. Therefore, the aging process of batteries inside the battery module can be easily 

controlled. Average relative improvement rate equals to 21%. The highest improvement (37%) was 

recorded for sensor 38 placed on one of terminals. Average relative improvement inside the battery 

module was around 19%.  

The thermocouples described above are shown in the figure bellow. 

 

Figure 9. Layout of the temperature sensors 

4.2. Discharging battery module  
After charging tests, the discharge test was conducted with TA = 25°C and TC = 30°C. In Fig. 10, thermal 

response of battery module with only bottom cooling plate during the investigation is given. The same 

test was conducted once again for battery module equipped with bottom and top cooling plates. Thermal 

behavior of the module is shown in Fig. 11. Differences in C-rate profile caused longer time constant for 

cooling process which was equaled to τ = 7260s. For this case study, the time constant was decreased 

by 55% in the tests with two cooling plates. Maximum temperatures before and after adding the top 

cooling plate (45°C and 43°C) were recorded on terminals of battery module. Maximum recorded 

temperature after improvement inside the battery module dropped by 2°C, but on the other hand the 

temperature inside the module was more uniform in a test with top and bottom cooling plates. At t = 

6000 s, the temperature difference measured inside the battery module and on external walls dropped 

by half from 5°C to 2.5°C. It stands out that the average relative improvement rate was 31%.   

  
Figure. 10. Thermal response of battery module with bottom cooling plate during discharge process,   

where TA = 25 ºC, TC =30 ºC  



 

  
Figure. 11. Thermal response of battery module with top and bottom cooling plate during discharge 

process, where TA = 25 ºC, TC =30 ºC  
 

 

5.Results comparison  
Different electrothermal tests have been carried out to validate the battery module model. In this paper 

for the sake of brevity, only one test will be discussed.  

In this test, the current profile used to validate the model is shown in Fig. 12(a). The advantage of this 

current profile is that it allows to scan the entire SoC range in order to check the lookup-tables of the 

electrical resistances of the batteries during charge and discharge as well as that of the OCV, this current 

profile also permits to assess the effect of the current amplitude on the thermal and electrical responses 

of the batteries.  

The experimental test conditions have been taken into consideration and some simplifying assumptions 

and boundary conditions have been set in order to simulate the model and compare the obtained signals 

with those of the experiment:  

-the module is cooled with the top and bottom cooling plates  

-the air temperature is set at 25°C and coolant temperature at 20°C  

-the initial temperature is set at 20.7°C   

-one cell of the module is targeted to do the comparison between the model and the experiment, and  

the considered thermocouple is fixed at the center of the great surface of this battery  

The Fig. 12(b) shows the temperature response of the model in red compared to the temperature given 

by the thermocouple in black.  

  
(a)                                                                           (b)  

Figure.12. Model validation results: a) Input current, b) cell temperature  

In this section a comparison between the three configurations presented in the Fig. 5 has been done in 

order to assess the benefits of adding the cooling plates regarding the battery module thermal 

management. According to the Fig.13, the third configuration (module with top and bottom cooling 

plates) represented by the blue color is the most efficient in term of thermal management, and it’s the 

        



 

best way of extracting and dissipating the calories generated by the battery during charge and discharge. 

As a consequence, the maximum pick temperature is reduced compared to the configuration 

represented by the black curve where the module is cooled only by the bottom cooling plate. Also, one 

can note that the time constant is shortened which proves the efficiency of this configuration.  

  
Figure. 13. Thermal management system performance  

6.Conclusion  
 In this study, a methodology of battery module modelling is proposed, by taking into account the battery 

cells, the busbars and also the thermal spacers between the battery cells. A qualitative study is done on 

a battery module by investigating the benefit of adding the top cooling plate in the overall battery module 

thermal management. According to simulations and experiments regarding one case study, the 

configuration with top and bottom cooling plates makes it possible to not only cool the module more 

quickly by reducing the thermal time constant by 47% but also reduces the battery maximum pick 

temperature reached with a conventional cooling system by 6°C. Different electrothermal tests have 

been carried out to validate the battery module model with different scenarios in term of air/coolant 

temperatures and current profiles in (charge and discharge). It stands out that the model has a good 

reproducibility, and the error is always below the thermocouple’s uncertainty. It stands out also that it 

gets easier and more efficient to extract calories from the batteries by adding the top cooling plate.  

In this paper, only the prismatic cells are concerned, but the methodology can be applied on different 

battery types and for different battery module topologies.  
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Nomenclature  
𝐶𝐵𝐵        busbar specific heat, J/(kg K)  ℎ𝑐𝑜𝑛𝑣    convective 

heat transfer coefficient, W/(m2 K)  

 𝐼            current flowing through the battery and busbar, A  

 𝐼𝐶𝐻𝐴       charge current, A  

 𝐼𝐷𝐼𝑆        discharge current, A  

 𝑄𝑑𝑖𝑠      heat dissipated by the battery, W  

 𝑄𝑖𝑟𝑟      irreversible heat, W  

 𝑄𝑟𝑒𝑣      reversible heat, W  

𝑙 𝐵𝐵𝑖        length of the busbar mesh, m  

𝑚𝐵𝐵𝑖       busbar mesh mass, Kg  

 𝑇𝑏           battery temperature, K  

 𝑇𝑒𝑛𝑣      environment temperature, K  



 

𝑄𝑐𝑜𝑛𝑑     heat exchanged with the battery by conduction, W  

𝑄𝑔𝑒𝑛      heat generated by the battery, W  

𝑅𝑡ℎ        thermal resistance, K/W  

𝑆 𝐵𝐵         cross-sectional area of the busbar, m²  

𝑇 𝐴          ambient temperature, ºC  

𝑇 𝐵𝐵𝑖       temperature of the busbar mesh, K  

𝑇 𝐶          coolant temperature, ºC  

𝑇𝑛𝑒𝑖𝑔ℎ,    neighbour elements of the cells, K  

Greek symbols  

𝜌            density, Kg/𝑚3  

Subscripts and superscripts  

𝐽𝑅           jelly roll  

𝐿𝑖𝐵𝑠        lithium-ion batteries  

𝑂𝐶𝑉        open circuit voltage  

𝑆𝑜𝐶           state of charge   

𝑇𝑀𝑆      thermal management system  
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Abstract: 
The basic technological principle of a Carnot Battery is to transform electricity into heat, store the heat and 
transform the heat back into electricity and/or heat. This technology has been developed more and more in 
the last years. This study considers the integration of a 10 kW Carnot battery in a district heating in a building 
with photovoltaic panels. It allows to provide both thermal and electrical peaks shaving. Few prototypes exist 
up to now and a clear methodology to size a Carnot battery properly does not exist. This paper tries to draw 
guidelines based on a state of the art, simulation models and lessons learnt from experimental campaigns. 
The idea is to help engineers to develop Carnot battery which are cheap, robust and efficient. 
 

Keywords: 

Carnot battery, electrical energy storage, district heating, heat pump, Rankine cycle, Thermal Energy 
Storage. 

1. Introduction 

1.1. Context 

The share of electricity production needs to increase sharply in the next decades to decrease the impact of 
humans on the environment. However, there is a significant mismatch between renewable energy production 
and consumption. This means that electrical energy storages will play a very important role in the future. A 
recent alternative technology has therefore been studied for several years: the Carnot battery [1-4]. 

1.2. Carnot battery 

The principle of a Carnot battery is rather simple: a heating cycle converts electricity into thermal energy, to 
store it and to use a power cycle to convert it back to electrical energy when needed. Different configurations 
are possible to achieve a Carnot battery (CB): the considered technology in this paper is a heat pump (HP) 
combined with a Rankine cycle (RC) [1-4]. This technology is interesting because it relies on massively 
produced components (low-cost), it allows the integration of heat flux trough the low operating temperatures 
and one single machine can replace the combination of the HP et RC (reversible HP/RC) [5-8]. 

1.3 Thermal integration 

Typically, the power-to-power ratio (P2P), defined as the electrical energy output (discharge) divided by the 
electrical energy input (charge) is below 60% for classical CB. This is the reason why it can be helpful to 
valorize heat fluxes in the system to improve its performance. There are two different options to integrate 
heat into a CB. On the one hand, the hot storage configuration uses a heating system (heat pump in this 
example) to increase the waste heat temperature. This allows the power cycle (RC in this example) to 
increase its performance by working with a higher temperature difference. On the other hand, the cold 
storage configuration stores thermal energy at temperatures lower than the ambient (through a vapor cycle 
in this example). Once again, it allows the power cycle to work efficiently with a higher temperature 
difference.  

 

Figure. 1.  Hot storage configuration versus cold storage configuration [4]. 

 

1.4 District heating 
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The coupling of a Carnot battery, using a hot water tank as thermal energy storage, with a district heating 
(DH) is promising. Figure 2 depicts an illustrative theoretical example of the system.  First, it can shave the 
DH thermal consumption of the building (Fig. 2) through a direct use of the stored hot water. Secondly, the 
excess renewable production converts thermal energy from the DH in a hot water tank at higher temperature 
(Fig. 2). When the electrical power consumption of the building exceeds the renewable production, the CB 
(Rankine Cycle - RC) can convert the thermal energy into electricity to cover the electrical peak (Fig. 2). 

 

 

Figure. 2.  Coupling of a Carnot battery using a hot water tank with a district heating 

Few papers discuss the integration of such a CB with a DH. In 2019, some authors [9] show the interest of 
the system compared to electro-chemical batteries. To the author best knowledge, [10] is the only paper 
discussing the design of a CB using a reversible HP/RC system. The authors show the interest of having one 
single machine to decrease the investments (reversible volumetric machine and reversible heat exchangers). 
Several fluids have been considered and the optimal fluid is selected (R1233ZD) [11]. Also, the trade-off in 
the glide of the storage (difference between high and cold temperature) is highlighted: a high glide leads to 
low roundtrip efficiency while a low glide leads to a bulky hot water tank (and related high investments) [11]. 

1.5 Aim of the paper 

This paper is only focusing on Rankine based Carnot batteries. After a short introduction, the methodology of 
optimal and robust sizing is exposed. The case study is described: the integration of a Carnot battery in a 
district heating system. Following this, the optimal design is presented. The objective is to propose a 
machine which is robust, optimized and cheap.  Finally, a discussion analyses the results and provides 
guidelines for future machines. 

 

2. Methodology 

2.1. Case study 

The case study is the thermodynamics laboratory of the ULiège (Belgium). Typical annual energy 
consumption from the DH is 344 MWh, the electrical production from PV is 568 kWh and the electrical 
consumption of the building is 105 MWh. The DH operates typically between 65°C and 75°C with morning 
peak up to 470 kW (15 mins – see Figure 2). According to Uliège data, the electrical consumption presents 
very high peaks (up to 200 kW) for short periods of time (few minutes), the electricity price is assumed to be 
0.3 eur/kWh (buy) and 0.1 (sell) and the cost of the thermal heat from district heating is 0.07 eur/kWh. 

2.2. Method 

As this section will show, there is a large number of possible configurations to design a CB integrated in a 
given case study. For this reason, it is helpful to have guidelines to select which one should be the most 
profitable before performing detailed simulations. It is also possible to simulate all the configurations but this 
is time consuming and usually this step can be simplified thanks to some guidelines (Figure 3). 



 

Figure. 3.  Flowchart to perform the sizing of a Carnot battery based on a Rankine cycle. 

2.2.1. Configuration: Selection of the configuration based on the case study 

Depending on the system, constraints could be different from one application to the other. 

Classically, the configuration for Rankine based Carnot battery uses a hot configuration (see section 1.3) 
with a subcritical thermodynamic cycle and a hot water tank. If the application presents temperature close to 
0°C, then the cold configuration seems promising [10]. If no heat flux is integrated, if the heat flux allows a 
high temperature glide (>50 K) or if a high compactness is required, a transcritical cycle is more suitable. If 
an application requires a low glide, a rather low power density and a high energy density, PCM could be 
profitable. 

Table 1.  Selection of the configuration 

Configuration Hot Cold 
 Higher efficiency [11] Optimal for ice storage 

Thermodynamic cycle Sub-critical Transcritical 
 Cheap Optimal for high glides (>50 K) 

Thermal energy storage Hot water tank PCM 
 Low cost Optimal for low glides 

 

 

2.2.2. Pre-sizing: Sizing based on the nominal conditions (temperature, power and capacity) 

The main parameter to optimize is the glide of the thermal energy storage. The high thermal energy storage 
temperature should be optimized in order to obtain a compromise between high revenues (low glide – high 
power-to-power ratio) and low investments (high glide - compact storage). In the nominal point, the low 
temperature of the thermal energy storage should be slightly above the highest temperature of the thermal 
flux (waste heat or district heating) [10,11]. To start the design procedure, let’s assume a guess glide (e.g. 25 
K). This value will be optimized a posteriori.  

Boundary conditions of the case study needs to be known (outdoor temperature, electricity price – buy 
(𝐶𝑏𝑢𝑦) and sell (𝐶𝑠𝑒𝑙𝑙), energy production from renewable, electrical consumption of the building and other 

thermal fluxes (𝐸ℎ𝑒𝑎𝑡)). Also, the peak consumptions (thermal and/or electrical), which have to be shaved, 
should be identified in terms of power and duration. A decent approximation is to consider that the power of 

the RC (�̇�𝑅𝐶,𝑒𝑙) 𝑠hould be able to cover the difference of power between the electrical peak consumption and 

the base load consumption. Another approximation that can be done at this step is to consider the same 
power for the HP and for the RC. This allows to get comparable discharge/charge durations. Based on the 
nominal conditions and the a priori chosen glide, it is possible to evaluate the efficiency of the Rankine cycle 



and the COP of the HP. In some cases (high glides, low waste heat temperature) the COP can be very low 
and therefore an electrical resistance could be more profitable. Based on the RC efficiency and the COP of 
the HP, it is possible to identify the power-to-power ratio with a constant efficiency model [11]. An open 
source Matlab model using Coolprop with documentation is available [12]. The thermal energy storage 
should be able to store energy to cover the peak duration (∆𝑡𝑝𝑒𝑎𝑘). If the peak shaving is related to the 

thermal consumption, the capacity of the thermal energy storage (𝑄𝑇𝐸𝑆) is straightforward. If the aim is to 
perform electrical peak shaving, the capacity of the storage can simply be computed as Eq. 1. At this step, it 
is important to check if the energy of the thermal flux (waste heat or district heating) is sufficient. 

𝑄𝑇𝐸𝑆 =
∆𝑡𝑝𝑒𝑎𝑘�̇�𝑅𝐶,𝑒𝑙

𝜂𝑅𝐶
      (1) 

This calculation allows to compute the HP power, the RC power and the storage capacity for a given glide. 
The yearly benefits (Eq. 2) are expressed as the gains from electricity production of the RC (𝐸𝑅𝐶) and from 
the eventual sub-sizing of the electrical or thermal and electrical substations (feesred) minus the cost 
(electricity consumed by the HP (𝐸𝐻𝑃) and eventual cost of the thermal flux - 𝐸ℎ𝑒𝑎𝑡). 

𝐵𝑒𝑛𝑒𝑓𝑦𝑒𝑎𝑟𝑙𝑦 =      𝐸𝑅𝐶 +      𝐶𝑏𝑢𝑦 −     𝐸𝐻𝑃 −      𝐶𝑠𝑒𝑙𝑙 +  𝑓𝑒𝑒𝑠𝑟𝑒𝑑 (𝑊)̇ −   (𝐸ℎ𝑒𝑎𝑡. 𝐶ℎ𝑒𝑎𝑡)    (2) 

The investment can be estimated through literature for the RC [13], the HP [14] and the thermal energy 
storage [15]. Therefore, it is possible now to simulate a wide range of glide to optimize a chosen economic 
indicator (Pay-Back Period, Return On Investments…). At this point, if the system does not produce benefits, 
the integration of a Carnot battery for the application could be of lower interest (too low-price variability, too 
low temperature of waste heat…). Iterations on the TES glide and the working fluid [11] are necessary to 
obtain the final design. 

2.2.3 Annual Simulations: perform yearly simulations /off design model/control 

If the working conditions of the system are similar every day of the year, this step could be skipped. If not, 
yearly simulations should be performed for a more detailed performance evaluation. Optimally, a dynamic 
model should be developed. However, since this is time consuming, a steady-state model can be used in a 
first approach. An optimal control strategy is mandatory in order to optimize the performance and the 
profitability of the system. At this step, it is possible to optimize in a more accurate way the glide, the RC and 
HP powers and the storage capacity. 

2.2.4 Detailed sizing 

The power of both heat pump and RC, the glide and the capacity of the storage are defined. The selection 
and sizing of heat pump components are classical and manufacturers can provide accurate performance 
data. Generally thermostatic expansion valves are preferred because of their low cost but, in some cases, 
electronic expansion valves can be used (highly variable operating conditions). For the Rankine cycle, a 
reference book presents the process of sizing and selection for the components [17]. This paper will 
therefore not focus on these aspects which are already well documented. However, some specific comments 
can be highlighted for Carnot batteries. 

If HP and RC conditions are similar, it is interesting to consider the mutualization of some components. 
Sometimes, only heat exchangers are shared between the HP and the RC [7,8,10] but it is also possible to 
use the same volumetric machine to act as a compressor and as an expander [16]. High efficiencies of the 
compressor and expander are crucial to obtain promising performance [6]. In this configuration it is important 
to control actively the circulating charge of working fluid in the system in order to obtain a high robustness 
and optimized performance [8]. Also, in the case of volumetric machines, the oil circulation must be ensured 
through a dedicated oil loop or through an optimal sizing of the piping in order to ensure sufficient speed of 
working fluid to entrain the oil [6]. Finally, it is possible to keep the working fluid flow direction identical in HP 
and RC (classical configuration) or to invert the direction of the working fluid (inverted configuration). Few 
comparisons exist between both systems and more information can be found in [6]. 

3. Results and discussion 
The case study is described in section 2.1. The methodology from section 2.2 is applied to the case study to 

illustrate the design flowchart.  

3.1. Configuration 

The first step is to choose a given configuration. Because of the absence of compactness constraints, a 
classical sub-critical cycle with a hot water tank is chosen according to Table 1. 

3.2. Pre-sizing 



According to section 2.1, electrical peaks appear for a very short fraction of the time. However, thermal 
consumption peaks occur every morning during 15 mins. Therefore, the sizing of the machine is performed 
according to the thermal discharge mode. It would make less sense to size a Carnot battery to shave the 
electrical peak if it is only used less than 1% of the year. 

From there, knowing the daily thermal consumption peak power (≈400 kW) and its duration, the capacity of 
the hot water tank is calculated (100 kWth). The temperature spread of the district heating is from 63°C to 
77°C. Knowing this and temperature levels, the hot water tank volume can be deduced (6.1 m3). The HP is 
sized in order to get a full refilling of the thermal energy storage in one hour and a half (this value comes 
from the PV profiles and electrical consumption of the building). Therefore, the condenser power of the HP is 
80 kW.  Based on the temperature levels and power aforementioned, the sizing model can be run [12]. Since 
the working conditions of HP and RC are similar, a reversible HP/RC system is considered. The given design 
values are summarized in Table 2. 

Table 2.  Sizing of the components 

Mode Charge - HP Discharge  - RC 

Electrical power [kW] 10.7 5.6 
Condenser power [kW] 82.5 94.6 
Evaporator power [kW] 67.3 100 
Cold temperature [°C] 62 20 
Hot temperature [°C] 76 70 
Scroll efficiency [%] 69.5 61.8 
COP/eta [-] 7.69 5.5 
Optimal volume ratio [-] 1.68 3.04 
Evaporator pressure [bar] 3.34 4.05 
Condenser pressure [bar] 6.02 1.18 
Condenser flow (sf) [l/s] 1.4 2.6 
Evaporator flow (sf) [l/s] 3.2 2.99 
Working fluid mass flow rate [kg/s] 0.422 0.449 
COP/eta with rv optim [-] 1% 11% 

 

3.3. Annual simulations 

Simulations of the systems have extensively been described in a former paper [18]. It confirms that the pre-
sizing is economically interesting.  

Results, presented in table 3, show the Carnot battery expected performance when working in each possible 
operating mode: the HP runs to charge the storage for about 1967 hours during a year of operation, 
producing about 97509 kWh of thermal energy at the expense of 19672 kWh of renewable electricity surplus, 
working with an average COP of almost 5; over an operating year, 65133 kWh of thermal energy is 
reconverted into 5331 kWh of electricity, by the Carnot battery working in RC mode for about 1296 hours, 
with an average efficiency of 7.92 %; eventually, for a total of 290 hours per year, the Carnot battery works in 
pure thermal discharge mode to cover the early morning thermal demand peaks (peak shaving), for a total 
amount of 18036 kWh of thermal energy. 

The economic convenience of adding the Carnot battery to the integrated system is evaluated in terms of 
pay-back (PB) period, which is obtain dividing the Carnot battery investment cost by its annual economic 
benefit: the investment cost includes the HP/RC cost (a specific cost of 2000 €/kW has been considered [4]) 
and the TES cost [15]. The economic benefit represents the differential gain between two scenarios, namely 
with and without the Carnot battery intervention, that is the sum of positive and negative contributions 
(represented as revenues and expenses in figure 4): the positive ones are due to the DH substation 
downsizing (lower DH substation investment costs), the thermal demand covered by the Carnot battery 
instead of been provided by the DH, and the RC production both for selling and self-consumption; while the 
additional negative contributions include the reversible HP/RC and storage levelized investment costs, and 
the HP electricity consumption both from photovoltaic (PV) surplus and grid purchase. As a result, the PB 
period is assessed to be slightly more than 6 years, which is acceptable considering 30 years as typical 
lifetime period for these systems. 

Table 3. Annual results 

Mode Charge - HP Discharge - RC Thermal discharge 

Average COP/efficiency [-] 4.957 0.0792 - 
Electrical energy [kWh] 19672 5331 - 
Thermal energy [kWh] 97509 65133 18036 
Running hours [h] 1967 1296 290 

Pay-Back Period [years] 6.12 



 

 

Figure. 4.  Carnot Battery annual revenues and expenses 

 

3.4. Detailed sizing in the case of the described case study 

Unfortunately, it was not possible to find a suitable volumetric machine that can work properly in HP and RC 
mode. The proposed solution is to use three machines in parallel (table 4). Two scroll compressors ensure 
the compression for the HP (see Fig. 5) while three scrolls can be used for the RC (higher volumetric flow 
rate). The scrolls are run at constant speed. The glide of the RC is optimized to a value of 8 K for the RC. 
The last line of the table refers to the loss of efficiency related to the inadapted volume ratio of the volumetric 
machine compared to the optimal one. It would have been better to work with a machine able to vary its 
volume ratio actively to optimize the performance (no products were found in this operating conditions). A 
centrifugal pump is chosen because volumetric pumps are less robust and needs a higher degree of sub-
cooling [6]. The heat exchangers are sized to reach a low pinch-point (2 K) since it significantly impacts the 
global performance. Also, the pressure drop on the refrigerant side is limited to 50 mbars. The expansion 
valve of the heat pump is electronically controlled. The liquid receiver volume is 10 liters, in order to adapt 
the charge depending on the operating mode.  

Table 4.  Description of the components 

Component Parameter Value 

Volumetric machines Swept volume [cm3] 121 
Volume ratio 1.7 
Shaft speed [RPM] 6000 

Pump Volumetric flowrate [l/s] 0.5 
Shaft speed [RPM] 3000 

LP heat exchanger Area [m2] 15.2 
Number of plates [-] 120 

HP heat exchanger Area [m2] 17.8 
Number of plates [-] 140 

Hot water tank Volume [m3] 7 
Thermal isolation thickness (PU) [mm] 125 

 

The layout of the system is presented in figure 5. The idea is to control the refrigerant charge through the 
valves. In HP mode, VLR and VEV are open while VPP is closed. In RC mode, VPP is open while VLR and 
VEV are closed. VEV can be opened for a short period in case there is not a sufficient charge in RC mode.   



 

Figure. 5.  Hydraulic scheme of the Carnot battery integration 

In figure 5, DH- refers to the exhaust piping of the district heating (cold) while DH+ is the supply piping of the 
district heating (hot). In thermal discharge, the hot water circulator (CH) sends cold water from the district 
heating (DH-) to the hot water tank while hot water from the tank is sent to the hot part of the district heating 
(DH+). The other components are not used in this mode. In HP mode, the evaporator (LP heat exchanger) 
takes the heat from the dry-cooler or from the DH. Then, hot water is produced in the condenser (HP heat 
exchanger) and sent to the top of the hot water tank. In RC mode, the district heating is not used. The 
evaporator (HP heat exchanger) receives hot water from the top part of the thermal energy storage. The 
condenser dissipates its heat through the dry-cooler. 

 

Conclusion 
The design of a Carnot battery is a complex task (there are a lot of layouts, technologies and operating 
parameter to choose and optimize). This paper proposes a simplified approach to choose among the 
possible configurations and to size the components. The idea is, based on the state of the art and on 
experimental results, to ensure an optimal design with realistic hypothesis.  An illustrative case is presented 
with a 10 kWe machine integrated to a district heating. The next step is to test the machine and to analyze 
the experimental results. 

 

Nomenclature 
 A Dry-cooler 

 C  Cost [eur] 

 E Energy [Wh] 

M  Flowmeter 

 P pressure [bar] 

 Q thermal energy [Wh] 

T  Temperature [°C] 

t     time [s] 

�̇� Power [W] 

Acronyms 

CB  Carnot Battery 



CMP Compressor 

 DH District Heating 

 EV Expansion valve 

HP  Heat Pump 

PB  Pay-back 

PCM Phase Change Material 

 P2P power to power ratio 

 PV photovoltaic panel 

RC Rankine Cycle 

TES Thermal Energy Storage 

W Powermeter 

Greek symbols 

η efficiency 

Subscripts and superscripts 

el Electrical 

HP High pressure 

LP Low pressure 

red  reduction 
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Abstract: 

A liquid air energy storage is a novel technology receiving substantial interest for balancing the supply and 
demand of energy because of its high energy density and not being geographically constrained. The main 
challenge of the liquid air energy storage system demonstrated so far is its low round-trip efficiency. Internal 
heat recovery, using hot and cold thermal energy storages, increases the round-trip efficiency of the liquid air 
energy storage. High temperature thermal energy storages are widely studied for different applications. 
However, the poor performance of the cold thermal energy storage is currently a bottleneck to achieve cost-
effectiveness of the liquid air energy storage system. That is due to the very low temperatures and the large 
temperature span of the cold energy storage. In this paper, two types of cold thermal energy storages, a 
packed-bed sensible storage and a latent heat storage with cryogenic phase change materials, were applied 
to a stand-alone liquid air energy storage system. A one-dimensional transient numerical model was 
developed to analyse the storage systems. The round-trip efficiency, liquid air yield, and expansion work of 
the liquid air energy storage system were evaluated considering both storage options. The results indicate 
that the latent heat packed bed storage configuration has higher round-trip efficiency (41 %), liquid yield 
(58.1 %), and power output (42 MW) than those of the configurations with sensible heat storage. However, 
there are some sensible materials, like quartzite rocks that, with the same volume of the packed bed, 
perform as well as cryogenic phase change materials due to their high densities.   

Keywords: 

Cold thermal energy storage; Latent heat storage; Liquid air energy storage; Packed bed rock thermal 
energy storage; Phase change materials; Sensible heat storage. 

1. Introduction 
Large-scale energy storage systems are promising options to mitigate the variability of renewable energy 
sources and to balance the energy supply and demand [1,2]. Liquid air energy storage (LAES) is a novel 
technology that has recently gained increasing attention. The LAES system is not geographically restricted 
and requires much less storage volume than those of the more mature technologies – in the order of 700 
times less than that of compressed air energy storage [3,4]. The LAES system comprises three processes: 
1) charging process – excess electricity (e.g. from wind and/or solar energy) is used to drive a liquefaction 
process, 2) storing process – liquid air is stored in cryogenic tanks at nearly ambient pressure, and 3) 
discharging process – the liquid air is pressurized, regasified and expanded in turbines producing electricity. 
At present, the LAES technology is at an industrial demonstration level. The main challenge that the LAES 
system confronts is its low round-trip efficiency, the ratio of the electricity generated during the discharging 
process to the electricity consumed during the charging process, in comparison to other energy storage 
systems such as a compressed air energy storage [5]. The round-trip efficiency of the LAES system can be 
improved by introducing hot and cold thermal energy storages, which allow for the internal recuperation of 
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hot and cold fluid streams. However, the designs of the heat exchangers and thermal energy storages 
present some challenges – specifically with respect to the cold thermal energy storage system. So far, 
various studies have been conducted on High-Grade Cold Energy Storage (HGCS). Broadly speaking, 
HGCS can be divided into three types: storage using fluids (methanol and propane) [6], using packed beds 
(such as rock and pebbles) [7], and using phase change material (PCM) [8]. So far, various research studies 
on LAES systems have been done specifically focused on cold storage systems with different designs, and a 
majority of those consider packed bed rock storage systems. 

Wang et al. [9] applied a dynamic model to analyse the performance of a standalone LAES system by using 
sensible heat packed bed rock storage for both the cold and hot energy storages, achieving a round-trip 
efficiency of 43 %. She et al. [4] studied an LAES system with a two fluids system for the cold energy 
storages and thermal oil for hot energy storage and attained a round-trip efficiency of 53 %. Ryu et al. [10] 
analysed a LAES system based on the Linde-Hampson refrigeration cycle using a combination of sensible 
and latent heat packed bed storage systems as the cold energy storage unit. A round-trip efficiency of 60.6 
% was obtained. In this case the required temperature for liquefying air could be provided continually during 
the phase change of the PCM. Tafone et al. [11] investigated a cold thermal energy storage for the LAES 
system by using a cryogenic PCM. It was found that by using cryogenic PCM as the storage medium, the 
temperature at the outlet of the packed bed is limited by the melting point of PCM and therefore, the 
temperature of the heat transfer fluid at the inlet of cold box is lower than the case with sensible heat 
particles which reduces the compressor power requirement.  

Bashiri Mousavi et al. [12] studied a packed bed with three layers of different PCM as a cold storage system 
of the LAES system and reached a round-trip efficiency of 42.5 % when the system has reached equilibrium. 
They designed the packed bed’s tank with the PCM with lowest melting point located at the bottom of the 
tank and the PCM with highest melting point placed at the top of the tank. Sciacovelli et al. [13] used a 
modular packed bed system filled with quartzite rocks. They validated their numerical model with 
experimental of the LAES pilot plant available at the University of Birmingham, UK. They also investigated 
the effect of charging and discharging pressure on the round-trip efficiency of the LAES system. It was 
observed that there is an optimum value for charging pressure that results in the maximum round-trip 
efficiency (50 % under nominal conditions). Guo et al. [14] developed a dynamic model to analyse the 
packed bed as the cold energy storage in the LAES system. Granite was used as the storage material and 
the results suggested that because of both the intermittent period between charging and discharging cycles 
and the cold energy loss, the round-trip efficiency is 16.8% lower than that of the ideal system in quasi-
steady state. Tafone et al. [15] developed a performance map for the LAES system. They investigated the 
effect of various parameters including turbomachinery isentropic efficiency, storage pressure of liquefied air 
in the tank, efficiency of hot and cold energy storage, charging and discharging pressure, and the ratio of 
recirculation mass flow rate. It was observed that increasing the liquid air tank pressure enhances the heat 
capacity of the recirculation fluid. In turn, this increases the efficiency of the cold box unit, and, as a result, 
the system’s performance becomes independent of the charging pressure. 

Wang et al. [16] applied a two tanks system with pressurized propane as the heat transfer fluid for cold 
energy storage in the LAES system and obtained an electrical round-trip efficiency of 50 % as well as a 
combined heat and electricity efficiency of up to 81%, using the excess heat available in the hot energy 
storage system as the heat source. Hüttermann and Span [17] studied nine different storage materials in a 
packed bed for the cold energy storage unit of the LAES system. The results demonstrated that the system 
with lead has the maximum efficiency of the packed bed cold storage among other materials due to its lower 
variation of specific heat capacity over the temperature span than that of the other storage particles. Peng et 
al. [18] developed a model to investigate the performance of an LAES with sensible heat packed bed (using 
rocks as the particles) as the cold energy storage. They found that the round-trip efficiency of LAES system 
is affected by the inlet temperature of cold box, charge and discharge pressure. A maximum round-trip 
efficiency of 62 % is reachable for optimal conditions for the LAES system. 

Storage systems with two working fluids have the disadvantage of using working fluids that are usually 
flammable [9] and the necessity and using four tanks, increasing the complexity for industrial applications.[9] 
In this context, a packed bed energy storage system with sensible or latent heat particles is a promising 
technology for cold storage systems for industrial LAES systems. This technology can relatively easy be 
integrated into the LAES system and covers the entire temperature range of the cold storage in a single tank. 
In addition, because of large latent heat of PCMs, PCM based storage has a high energy density, which 
makes it suitable as a storage medium. 

The objective of this paper is to identify the optimum storage medium for cold storage packed bed system in 
stand-alone LAES systems. Three different materials were investigated: quartz and silicon dioxide as 
sensible materials and an alcohol-based fluid as latent heat PCM. The materials are used in the form of 
particles placed in a tank. A thermodynamic model of the LAES system integrated with a 1-dimensional 
transient numerical model of the packed bed system was developed. The round-trip efficiency, liquid yield, 
and turbine output are compared for the three different cold thermal energy storage units for the LAES 
system. There is only a single previous study available in the open literature comparing sensible and latent 



heat materials for packed bed cold storage for LAES applications [11]. However, in Ref. [11] different storage 
materials for the packed bed cold storage were evaluated solely in terms of storage performance. In 
contrast, the current paper presents, for the first time, an analysis of the effects of different storage materials 
for the packed bed cold storage on the LAES performance. Such analysis will be useful both for industry and 
academia for the future development of cold energy storage units for LAES systems. 

In the following, section 2 discusses the methods. Section 3 presents and discusses the results obtained 
from numerical simulations, while section 4 summarizes the conclusions of the work. 

2. Methods 

2.1 System description 

Figure 1 shows a schematic diagram of a liquid air energy storage system (LAES) with two tank hot and 
packed bed cold energy storages. The proposed system consists of a charging cycle and discharging cycle. 
The charging cycle consists of multi-stage compressors, air-oil heat exchangers with the thermal oil VP1, a 
cold-box, a cryo-turbine, a gas-liquid separator, and a liquid air tank. The discharging cycle consists of a 
cryo-pump, an evaporator, air-oil heat exchangers, and multi-stage turbines. In order to utilize the cold 
energy, a cold packed bed storage is located between the charging and discharging cycles. Packed bed 
storage improves the cycle efficiency by exchanging heat between the charging and discharging processes. 
When the electricity price is low, the air is compressed through multi-stage compressors. Initially, the cold 
packed bed storage transfers cold energy to the compressed air, causing the temperature of point A7 to 
decrease to a cryogenic temperature (A8) inside the cold box. After the cooling process, compressed air is 
expanded to ambient pressure through a cryo-turbine and separated into liquid (A_Liq) and gaseous forms 
(A10). At peak hours (during a discharge process), liquid air is evaporated while the cold energy is stored in 
the packed bed cold storage. Gaseous air is heated in the thermal oil heat exchangers and expanded 
through air turbines to generate electricity.  

 

Figure. 1.  Schematic diagram of liquid air energy storage system with cold packed bed storage 

(CP and TB stand for compressor and turbine, respectively). 

The input parameters of the system are presented in Table 2. The design charging cycle power input 
(96 MWe), hot thermal energy storage capacity (800 MWhth) and volume (9000 m3), cold thermal energy 
storage systems’ volume (15000 m3), and charging time (8 hrs) were fixed for the analysis. The design 
discharging cycle power output is calculated based on the available liquid yield during charging cycle and 
discharge duration of 8 hrs. In order to achieve 96 MW of power input for the LAES charging cycle, 17 MPa 
was selected as the fitting charging pressure. It is worth to note that the LAES system is designed as a large-
scale electricity storage system, which require a large volume of the packed bed storage for cold thermal 
energy as well as a large volume of tanks for the hot thermal energy.  

Due to manufacturing constraints of packed bed systems, the diameter of the tank must not exceed 6 m, and 
the recommended H/D ratio for packed bed systems based on literature is 2 [19,20]. Based on these 
considerations, the packed bed’s height and inner diameter were set to 12 m and 6 m, respectively. In order 
to achieve the total storage capacity needed for the system, a series of packed beds in a parallel 



configuration was used. In total 44 packed bed tanks are needed, which means that the input of the packed 
bed system (C2 during LAES charging and C4 during LAES discharging) was divided among 44 packed bed 
tanks. Similarly, the outlet streams of the packed bed tanks were collected, leading to the desired outlet flow 
of the packed bed system (C1 during LAES charging and C3 during LAES discharging). In order to avoid the 
use of multiple cold energy storage tanks, it may be a possibility to use one or a few underground packed 
bed storage tanks [21], however, in this case the LAES system will not be geographically unconstrained, 
which is one of the major advantages of the LAES technology.  

Table. 2.  Input parameters for the system modelling. 

Parameter 𝑉𝑎𝑙𝑢𝑒 

Particle diameter 0.02 m 

Ambient temperature 293 K 

Ambient pressure 101 KPa 

Charging pressure  17 MPa 

Packed bed initial temperature 101.47 K 

Pinch points:  

Air-Oil heat exchangers 5 K 

Cold box 2 K 

Evaporator 2 K 

Turbomachinery isentropic efficiency [9]:  

Compressors 89 % 

Cryo-turbines 90 % 

Cryo-pump 80 % 

Gas turbines 75 % 

 

2.2 Component thermodynamic model  

In order to simulate the proposed system, the mathematical modelling of the components is implemented 
into the MATLAB environment. The specific enthalpy change is modelled by the isentropic efficiency model. 

The compressor power input, �̇�𝐶, and the gas turbine power, �̇�𝑇, are calculated as follows:  

�̇�𝐶 = �̇�(ℎ𝑜𝑢𝑡 − ℎ𝑖𝑛) = �̇�(ℎ𝑜𝑢𝑡.𝑖𝑠 − ℎ𝑖𝑛) 𝜂𝐶𝑃⁄   (1) 

�̇�𝑇 = �̇�(ℎ𝑖𝑛 − ℎ𝑜𝑢𝑡) = 𝜂𝑇𝐵 × �̇�(ℎ𝑖𝑛 − ℎ𝑜𝑢𝑡.𝑖𝑠)    (2) 

where �̇� is mass flow rate, ℎ is specific enthalpy, and η is the isentropic efficiency of each component.  

Heat exchangers are modelled with basic heat balance equations. The heat exchangers are assumed to be 
counter-flow heat exchangers and a pinch point limitation is applied. 

�̇�ℎ𝑜𝑡 = �̇�ℎ𝑜𝑡(ℎ𝐻𝑖𝑛
− ℎ𝐻𝑜𝑢𝑡

)  (3) 

ℎ𝐶𝑜𝑢𝑡
= ℎ𝐶𝑖𝑛

+
�̇�ℎ𝑜𝑡

�̇�𝑐𝑜𝑙𝑑
  (4) 

Pinch point: 𝑚𝑖𝑛(𝑇ℎ𝑜𝑡 − 𝑇𝑐𝑜𝑙𝑑) = 5𝐾  (5) 

where �̇� represents the heat transfer rate, ℎ𝐻  and ℎ𝐶  are specific enthalpy of the hot side and cold side, 

respectively. Subscripts 𝑖𝑛 and 𝑜𝑢𝑡 represent the inlet and outlet stream. 

The multi-stream cold box is the most important component in the proposed system because the liquid air 
yield and round-trip efficiency are directly affected by its performance. Compressed air is cooled down to 
cryogenic temperature by compressed cold air from cold packed bed storage. For simplifying the multi-
stream heat exchanger’s calculation, it is assumed that there is no heat transfer between cold side fluids. 
Also, the outlet temperatures of the fluids on the cold side are imposed. The heat transfer rate of the hot side 
fluid and objective pinch point temperature are calculated as follows: 

�̇�ℎ𝑜𝑡 = �̇�ℎ𝑜𝑡(ℎ𝐻𝑖𝑛
− ℎ𝐻𝑜𝑢𝑡

) = �̇�𝑝𝑎𝑐𝑒𝑘𝑑 𝑏𝑒𝑑 + �̇�𝑟𝑒𝑐𝑦𝑐𝑙𝑒  (6) 

Pinch point: 𝑚𝑖𝑛(𝑚𝑖𝑛(𝑇𝐻 − 𝑇𝑝𝑎𝑐𝑘𝑒𝑑 𝑏𝑒𝑑) , 𝑚𝑖𝑛(𝑇𝐻 − 𝑇𝑟𝑒𝑐𝑦𝑐𝑙𝑒 𝑎𝑖𝑟)) = 5𝐾  (7) 

where �̇� represents heat transfer rate, and 𝑇𝑓𝑙𝑢𝑖𝑑 is the temperature of each fluid. 

As the modelling is transient, and the mean liquid yield is calculated as follows: 

𝑌 =  
1

𝑡𝑐ℎ

∫ 𝑦. 𝑑𝑡
𝑡𝑐ℎ

0

 (8) 



The round-trip efficiency is defined as the ratio of the total electricity generation in the discharging process to 
the power consumption in the charging process: 

𝜂𝑅𝑇𝐸 =
𝑊𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑊𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
=

∫ �̇�𝑇−�̇�𝐶𝑅𝑃
𝑡𝑑𝑖𝑠

0 𝑑𝑡

∫ �̇�𝐶−�̇�𝐶𝑇𝐵
𝑡𝑐ℎ

0 𝑑𝑡
  (9) 

where the subscripts CRP and CTB represents the cryo-pump and cryo-turbine, respectively.  

2.3 Packed bed modelling 

For calculating the heat transfer performance of packed bed storage, the energy balance equation is used. 
The energy equation for fluid and solid particles presents in Eq. (10) and Eq. (11), respectively. The packed 
bed storage is considered a 1D cylindrical tank and radial distribution of temperature based on Eq. (12) is 
considered inside the particles. 

The following assumptions were made:  

1. The distribution of velocity in the entire packed bed tank is constant and uniform. This assumption is valid 
for systems with 𝐷 𝑑𝑝 > 30⁄  [22]. 

2. The heat transfer mechanism between the heat transfer fluid and particles are convection and conduction. 
Radiation is neglected. 

3. The porosity is uniform along the packed bed tank. 

4. The particles are of the same size and spherical shape. 

5. The heat loss of the tank to the ambient is considered. 

𝜀𝜌𝑓𝑐𝑝.𝑓 (
𝜕𝑇𝑓

𝜕𝑡
+ 𝑢𝑓

𝜕𝑇𝑓

𝜕𝑧
) = 𝜀𝑘𝑓

𝜕2𝑇𝑓

𝜕𝑧2 +
6(1−𝜀)

𝑑𝑝
ℎ𝑓𝑝(𝑇𝑠 − 𝑇𝑓) + ℎ𝑤(𝑇𝑤 − 𝑇𝑓)    (10) 

(1 − 𝜀)𝜌𝑠𝑐𝑝.𝑠
𝜕𝑇𝑠

𝜕𝑡
= (1 − 𝜀)𝑘𝑠

𝜕2𝑇𝑠

𝜕𝑧2 +
6(1−𝜀)

𝑑𝑝
ℎ𝑓𝑝(𝑇𝑓 − 𝑇𝑠)   (11) 

𝜌𝑝𝑐𝑝.𝑝
𝜕𝑇𝑝

𝜕𝑡
= 𝑘𝑝 (

𝜕2𝑇𝑝

𝜕𝑟2 +
1

𝑟

𝜕𝑇𝑝

𝜕𝑟
)  (12) 

where 𝜀  is the porosity of the packed bed, 𝜌  is density, 𝑐𝑝  is the specific heat of fluid, 𝑘  is thermal 

conductivity, 𝑑𝑝 is the particle diameter, ℎ𝑓𝑝 is the heat transfer coefficient of fluid to solid, ℎ𝑤  is the heat 

transfer coefficient of heat loss to the ambient, and 𝑇 is temperature. Subscripts 𝑓,  𝑝, and 𝑠 are fluid, particle, 
and solid, respectively. 

In order to model the thermophysical properties of the PCM, an effective heat capacity method is used [23]. 
The latent heat is represented as a sensible heat spread over a finite temperature difference. Thus, the 
specific heat of PCM is defined among three phases, namely solid, solid-liquid transition, and liquid phases:  

𝑐𝑝.𝑝 = {

𝑐𝑝.𝑠

𝑐𝑝.𝑠+𝑐𝑝.𝑓

2
+

𝐿𝐻

𝑇𝑚2−𝑇𝑚1
𝑐𝑝.𝑓

    

𝑇𝑝 < 𝑇𝑚1

𝑇𝑚1 < 𝑇𝑝 < 𝑇𝑚2

𝑇𝑝 > 𝑇𝑚2

    (13) 

𝑘𝑝.𝑝 = {

𝑘𝑝.𝑠

𝑘𝑝.𝑠+𝑘𝑝.𝑓

2

𝑘𝑝.𝑓

    

𝑇𝑝 < 𝑇𝑚1

𝑇𝑚1 < 𝑇𝑝 < 𝑇𝑚2

𝑇𝑝 > 𝑇𝑚2

  (14) 

where 𝑇𝑚1 and 𝑇𝑚2 represent the solidification and melting temperatures of the PCM during the solid-liquid 
transition, and 𝐿𝐻 is the latent heat. For updating the air properties which are temperature dependant, the 
REFPROP library [24] is used and applied to the model. 

In order to solve the energy balance equation, boundary conditions and initial conditions are specified for the 
fluid and solid:  

𝑇𝑓(𝑧 = 0) = 𝑇𝑖𝑛;    
𝜕𝑇𝑓

𝜕𝑧
(𝑧 = 𝐻) = 0  (15) 

𝑇𝑠(𝑧 = 0) = 𝑇𝑖𝑛;  
𝜕𝑇𝑠

𝜕𝑧
(𝑧 = 𝐻) = 0   (16) 

𝑇𝑓(𝑡 = 0) = 𝑇𝑖𝑛; 𝑇𝑠(𝑡 = 0) = 𝑇𝑜 (17) 

∂Tp

𝜕𝑟
(𝑟 = 0) = 0;  𝑇𝑝 (𝑟 =

𝑅

2
) = 𝑇𝑠  (18) 

where 𝑇𝑖𝑛 is the packed bed inlet temperature,  𝑇𝑜 is the initial temperature, and 𝑇𝑠 is the solid temperature. 
Figure 2 depicts a schematic view of a packed bed filled with particles. 



 

Figure. 2.  Schematic view of 1D packed bed with geometry indicators. 

In order to apply heat transfer between the fluid and solid, an empirical correlation is applied. For the Nusselt 
number, the following correlation is used [25]: 
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For calculating the porosity of the bed, Eq. (20) is used. [25] 

𝜀 = 0.375 + 0.17
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𝐷
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𝐷
)

2

  (20) 

The heat loss to the ambient is calculated based on the overall heat transfer coefficient from the inner to the 
outer wall, see Eq. (21). The inner convection heat transfer coefficient is defined according to Beek [26], see 
Eq. (22). 
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where ℎ𝑖  is the inner convection heat transfer coefficient, 𝑅𝑒  is Reynolds number, and 𝑃𝑟  is the Prandtl 
number. 

The governing equations are solved by the MATLAB software [27] using finite difference method and the 
implicit method. The first-order upwind scheme is used to discretize the temporal and advective term, while 
the second-order central differencing is used to discretize the diffusion term. The overall calculation method 
is illustrated in Figure 3.  

 

Figure. 3.  Overall calculation method of the LAES system. 



Table 2 represents the thermophysical properties of the quartz rocks [3] besides, the cryogenic PCM which is 
an alcohol-based fluid [11]. The thermophysical properties of silicon dioxide (SiO2) are calculated based on 
correlations as a function of the particles’ temperature proposed by Wang et al. [9] and Sciacovelli et al. [13]. 

Table. 2.  Thermophysical properties of particles [11,25]. 

Properties 𝑃𝐶𝑀 𝑄𝑢𝑎𝑟𝑡𝑧 

Density, 𝜌 789.3 𝑘𝑔 𝑚3⁄  2630 𝑘𝑔 𝑚3⁄  

Specific heat, 𝐶𝑝 1850 𝐽 𝑘𝑔 𝐾⁄ , Solid 710 𝐽 𝑘𝑔 𝐾⁄  

1900 𝐽 𝑘𝑔 𝐾⁄ , Liquid 

Thermal conductivity, 𝑘 0.22 𝑊 𝑚 𝐾⁄ , Solid 1.83 𝑊 𝑚 𝐾⁄  

0.18 𝑊 𝑚 𝐾⁄ , Liquid 

Latent heat, 𝐿𝐻  86000 𝐽 𝑘𝑔⁄  - 

Melting Point, 𝑇𝑚 155.15 𝐾 𝑇𝑚1 
- 

158.15 𝐾, 𝑇𝑚2 

3. Results and discussion 
In this section, first, the validation of the packed bed model is presented. Then the optimum value for 
discharging pressure is found based on a sensitivity analysis. Afterwards, the different particle materials are 
compared in terms of LAES round-trip efficiency, liquid air yield, and gas turbine power. 

3.1 Model validation 

The developed model for the packed bed is validated by comparing the results with experimental data from a 
study by Li et al. [28] who analysed a packed bed system with microencapsulation of molten salt as phase 
change material. The packed bed in their study had a height of 0.26 m and a diameter of 0.26 m. The 
particle diameter was 0.034 m. The authors considered both the axial and radial temperature distribution 
along the bed’s tank by applying thermocouples at various locations of the tank. When validating results of 
the 1D model developed in this work, the mean value of the radial temperature distribution at each axial 
location of the experimental data is considered. Figure 4 presents a comparison of the model results with the 
experimental data showing PCM particle temperature profiles over time for different axial locations. It is 
found that the maximum mean absolute percentage error is smaller than 2 %, suggesting that the current 
model provides reasonable results. 

 

Figure. 4.  Validation of packed bed model. 

The validation of the LAES thermodynamic model is done by comparing the current model results with 
experimental results presented by Sciacovelli et al. [13], see Table 3. The experimental setup of the 
Sciacovelli et al. [13] research study only contains the LAES discharging cycle. The mass flow rate of air is 



1.8 kg/s in that setup. The results presented in Table 3 indicate that the thermodynamic models developed in 
the current work provide reasonable results.  

Table. 3.  The results of current model compared to the results from [13]. 

Parameter 
Results of the current 

model 
Results of Ref. [13] Deviation 

Turbines’ power 277.77 kW 277.85 kW 0.38 % 

Cryo-pump’s power 29.79 kW 30.01 kW 0.73 % 

 

3.2 Optimal discharging pressure 

Two important parameters of LAES systems that have a significant influence on their overall performance 
are the charging and discharging pressures. In this paper the charging pressure was defined and kept 
constant, while it is required to evaluate the optimum value of the discharging pressure. Figure 5 presents 
the LAES round-trip efficiency, cryo-pump power consumption, turbine power output, and net power output 
of the discharging cycle versus the discharging pressure varying from 10 MPa to 25 MPa. The results 
indicate that the round-trip efficiency increases with the increase of discharging pressure. However, the more 
dominant effect of the increase in discharging pressure is on the cryo-pump power consumption, which is 
increasing sharply with increasing discharging pressure. According to Figure 5, the additional gain in round-
trip efficiency is small for discharging pressures exceeding 18 MPa. Thus, the discharging pressure is set to 
20 MPa (purple band in Figure 5), resulting in a round-trip efficiency of 41 %, cryo-pump power consumption 
of 2.6 MW, turbine power output 42 MW, and hence a net power output of 39.4 MW. 

 

Figure. 5.  LAES round-trip efficiency, cryo-pump power consumption, turbine power output, and 

net power output of the discharging cycle versus the discharging pressure. 

3.3 Performance of LAES system with different particles in the packed bed 

Figure 6 presents a comparison of the LAES round-trip efficiency, mean liquid air yield, and turbine power 
output for packed bed systems with the three different particles for the cold energy storage. The results 
suggest that the SiO2 particle results in the poorest performance, while the PCM and quartz particles attain 
very similar performances.  



 

Figure. 6.  Round-trip efficiency (RTE), mean liquid air yield (Y), and output power of the turbines 

(�̇�𝑇) for the three different particle types. 

In order to understand the effects of the particle materials, Figure 7 presents the heat transfer fluid 
temperature at the outlet of the packed bed (point C1 in Figure 1) versus time for the three different particle 
materials. The outlet temperature of the air starts to increase after 66 minutes, 128 minutes and 161 minutes 
for the SiO2, PCM and quartz, respectively. The temperature of point C1 directly affects on the temperature 
of point A8, the parameter, which have a significant influence on the liquid air yield, the round-trip efficiency 
and the output power of the turbines. A lower temperature in point A8 results in a higher liquid air yield. The 
poor performance of SiO2 particles is because of the rapid increase in temperature of C1 (Figure 7), due to 
unfavourable thermophysical properties of SiO2 in terms of specific heat capacity and density in comparison 
with PCM and quartz.  In contrast, the increase of air temperature over time for the cases of PCM and quartz 
is controlled in a better way and as a result, these two systems present better performance due to a lower 
temperature at the inlet of cold box. The phase change phenomenon of PCM is noticeable in the 
temperature range around the PCM melting point (155 K to 158 K), where the air temperature remains 
constant for the rest of the charging time. It can be observed that the outlet temperature (C1) does not 
exceed the melting point of PCM since there are still some particles in the solid state. The reason why the 
quartz particle achieves similar performance as that of the PCM, although it is not a phase change material, 
is that quartz particle keeps the air temperature equal to the packed bed's initial charging temperature for a 
longer time duration than does the PCM. This is because the density of quartz particles is more than 3 times 
higher than that of the PCM considered for the analysis. As the volume of the packed bed and the porosity 
are the same for all 3 particle materials, the higher particle density results in a higher particle mass. 
Therefore, the storage mass of the quartz system is more than 3 times than that of the PCM for the same 
volume of the packed bed system.  

The behaviour of liquid yield over time for the three particle materials is presented in Figure 8. Similar to the 
temperature in point C1, the liquid yield is constant while the PCM changes phase, reaching a steady state 
of 0.467 after 354 min. The maximum value of the liquid yield (slightly above 0.7) is attained for the longest 
duration for the quartz particles because the temperature in point C1 is kept at the minimum value for the 
longest duration for this material. The liquid yield starts to decrease from the maximum value after 199 min, 
160 min and 87 min for the quartz, PCM and SiO2, respectively.   
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Figure. 7.  Air temperature at the outlet of packed bed versus charging time for the three different 

particles, SiO2, quartz and PCM. 

 

Figure. 8.  LAES liquid yield versus time for the three types of particles. 

4. Conclusions 
In this paper a comparative analysis of sensible heat and latent heat packed bed cold energy storages for 
LAES systems was presented. The investigated particles are quartz and silicon dioxide representing 
sensible heat storage materials and an alcohol-based fluid representing a latent heat phase change material. 
A thermodynamic model of the LAES system integrated with a 1-dimensional transient numerical model of 
the packed bed system was developed. The particles were compared in terms of the LAES round-trip 
efficiency, mean liquid yield, and output power of the turbines. The results suggest that the optimum value 
for discharging pressure of the system is 20 MPa. Among the analysed particle materials, the PCM and 
quartz achieve the highest round-trip efficiency for the LAES system, 41 % and 40.8 %, respectively. The 
round-trip efficiency of the silicon dioxide is lower, 34 %, due to unfavourable thermophysical properties. The 
reason why the quartz particle achieves similar performance as that of the PCM, although it is not a phase 
change material, is that quartz particle keeps the air temperature at the cold storage outlet equal to the 
packed bed's initial charging temperature for a longer time duration than does the PCM. This is because the 
density of quartz particles is more than 3 times higher than that of the PCM considered for the analysis, 
resulting in a greater mass of the cold storage based on quartz. In general, the choice between PCM 
particles and quartz particles for a LAES cold storage system depends on factors such as the required 
energy density, the desired charging and discharging rates, the available space and weight limits, and the 
cost of the materials. These aspects will be investigated in future work.  
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Nomenclature 
 𝐶𝑝  Specific heat capacity, 𝐽 𝑘𝑔. 𝐾⁄  �̇�  Heat transfer rate, 𝑊 
 𝐶𝑅𝑃 Cryogenic pump 𝑟  Radial location inside each particle, 𝑚 
 𝐶𝑇𝐵 Cryogenic turbine 𝑅  Particles radius, 𝑚 
 𝐷  Packed bed diameter, 𝑚 𝑅𝑇𝐸 Round-trip efficiency 
 𝑑𝑝  Particles diameter, 𝑚 𝑡  Time, 𝑠 
 𝐻  Packed bed height, 𝑚 𝑇  Temperature, 𝐾 
 ℎ  Specific enthalpy, 𝐽 𝑘𝑔⁄  𝑢𝑓  Velocity of air inside packed bed, 𝑚 𝑠⁄  
 ℎ𝑓𝑝 Convective heat transfer coefficient 
            between air and particles, 𝑊 𝑚2. 𝐾⁄                             

�̇�  Turbomachinery power, 𝑊 

 ℎ𝑤   Convective heat transfer coefficient 
            between packed bed and ambient, 𝑊 𝑚2. 𝐾⁄  

𝑦  Liquid air yield 

 𝑘  Thermal conductivity, 𝑊 𝑚. 𝐾⁄  𝑌  Mean liquid air yield 

 �̇�  Mass flow rate, 𝑘𝑔 𝑠⁄  𝑧  Axial location of packed bed tank, 𝑚 

 𝑃  Pressure, 𝑃𝑎  

Greek symbols 

𝜀 Porosity of packed bed 𝜇 Dynamic viscosity, 𝑃𝑎. 𝑠 

𝜂 Isentropic efficiency of turbomachinery 𝜌 Density, 𝑘𝑔 𝑚3⁄  

Subscripts and superscripts 
𝑎𝑚𝑏 Ambient 𝑝 Particle 

𝐶 Compressor 𝑠 Solid particles inside packed bed 

𝑓 Fluid 𝑇 Turbine 
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Abstract: 

Adiabatic compressed air energy storage (A-CAES) is a promising storage technology to face the challenges 
of high shares of renewable energies in an energy system by storing electric energy for periods of several 
hours up to weeks. In order to reduce the investment costs and increase the flexibility of the storage system, 
the so called KompEx LTA-CAES® was developed by Fraunhofer UMSICHT. This new A-CAES concept is 
using a combination of reversibly operable turbo- and piston machines (KompEx machines). Doing so, these 
modules can achieve wide CAS pressure ranges (corresponding to high exergy densities) and thus can be 
combined with any compressed air storage volume. To realize efficient and stable operation despite a wide 
pressure range, a suitable control strategy of both KompEx machines is required. This paper investigates the 
introduced A-CAES system by a dynamic simulation, focusing on the interaction and synergy between the 
reversibly operable turbo- and piston machines. Results indicate that the roundtrip efficiency of this system is 
expected to be at the low end (55,5%) of literature values for A-CAES (52–66% for low-temperature A-CAES), 
which is relatively high compared to published A-CAES systems considering similar pressure ranges. 

Keywords: 

Compressed Air Energy Storage; Thermodynamics; Energy Storage; Dynamic Simulation 

1. Introduction 
A-CAES systems have the potential to play an important role in realizing a sustainable energy supply 
infrastructure based on renewable energy. The general interest in A-CAES is illustrated by many R&D activities 
all over the world in recent years. Nevertheless, the economically viable implementation of A-CAES plants is 
a great challenge under political and economic conditions in most countries at the present time – and probably 
also in near future.  

This paper gives an overview of published thermodynamically investigated A-CAES concepts. Furthermore, a 
new low-temperature A-CAES concept developed by Fraunhofer UMSICHT called »KompEx LTA-CAES® 
modular« is presented (Section 3), which aims to overcome current barriers regarding the economic realization 
of A-CAES. Special features are the modular design and the use of reversibly operable turbo- and piston 
machines (KompEx machines). 

2. State of the art 
Although the individual components of many A-CAES concepts are commercially available, A-CAES systems 
are still almost exclusively in the R&D phase due to economic barriers. For this purpose, several demonstration 
plants have been built worldwide [1–4]. The first commercial adiabatic CAES plant was commissioned in 
Goderich (Ontario, USA) in 2019 [5], and others are currently under construction in China [6]. Nevertheless, 
A-CAES are still mainly studied on a theoretical level, which is illustrated by a large number of thermodynamic 
studies published in the last decades. This section briefly introduces the general function and typical 
classification of A-CAES systems and gives an overview of published layouts. 

2.1. Functional principle of adiabatic CAES 

The basic principle and the main components of adiabatic CAES are shown in Figure 1. During the charging 
process, ambient air is compressed by electrically driven compressors (C). The heated compressed air is 
cooled and stored in a compressed air storage volume (CAS), while the thermal energy is temporarily stored 
in a separate thermal energy storage (TES). During discharging, the stored compressed air is released from 
the CAS, heated via the TES and expanded in expanders (E) to generate electricity via generators.  
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Figure 1.  General block diagram of A-CAES (based on [7]). 

The plant layout design, suitable technologies and the resulting operating behaviour of A-CAES systems are 
crucially dependent on the addressed storage temperature. Therefore, the following section gives an overview 
of general plant layouts and their special characteristics. 

2.2. Classification of A-CAES 

According to the importance of the process temperature, A-CAES can be divided into three different process 
types [8]: 

• High temperature processes (HT) with temperatures above 400 °C 

• Medium-temperature processes (MT) with temperatures between 200 °C and 400 °C 

• Low-temperature processes (LT) with temperatures below 200 °C 

The process temperature is essentially determined by the number of the used compression stages and heat 
management. In HT processes, ambient air is compressed via one or two stages, which leads to high process 
temperatures at corresponding final pressures. In LT processes, multi-staged compressors with intercooling 
are used, resulting in lower process temperatures. Higher process temperatures are leading to generally higher 
cycle efficiencies (Figure 2) but also to higher investment costs, since special thermally resilient components 
are required. Furthermore, the start-up times are limited to 10–15 minutes due to the high thermal stresses in 
the components [48]. A-CAES systems with lower process temperatures, in contrast, are technically easier to 
design (e. g. a simple storage medium such as water can be used), resulting in lower investment costs. 
Furthermore, lower thermal stresses are allowing faster start-up times (down to < 5 min.) and thus the 
participation in certain electricity markets like the ancillary service. 
In contrast to a Carnot cycle process, the maximum process temperature has only a minor influence on the 
cycle efficiency of A-CAES systems (Figure 2). The illustrated efficiency range (solid lines) is based on a simple 
equation introduced by Kreid [9], where fixed design values for relevant main components like efficiency of 
motor and generator, compressor and expander as well as pressure and thermal losses are taken into account. 
The efficiency range illustrated in Figure 2 is resulting by assuming a turbomachine efficiency between 70 and 
85 %. The plotted data points are representing electrical cycle efficiencies of adiabatic plant layouts calculated 
in thermodynamical studies (Table A.1). The decreasing efficiency for lower storage temperatures is resulting 
from proportionally higher thermal losses at constant temperature gradients [10].  

2.3. Key parameters of published A-CAES concepts 

Published A-CAES concepts are varying widely regarding the design of compression/expansion stages, 
thermal storage and compressed air storage as well as implemented control strategies. To highlight the special 
features of the developed KompEx LTA-CAES®, the following section briefly provides an overview of typical 
plant layouts and key performance indicators of published A-CAES concepts. 

Storage temperature and used thermal storage media 

The storage temperature of the thermal energy storage of A-CAES plants is dependent on the final CAS 
pressure as well as on the design and heat management of the compression train. Depending on the process 
type, water, thermal oils or rockfills are most commonly used as thermal storage media (Table A.1). 

Cycle efficiency 

The plant efficiencies calculated in published A-CAES studies are showing a logarithmic dependency on the 
storage temperature (trend line in Figure 2) and mostly a reasonable agreement with the predicted efficiency 
range according to Kreid [9]. The two upper outliers ([11, 12]) can be explained by the comparatively high 
design efficiencies of the compression and expansion machines of 88 to 92 % assumed in each of these 
papers. In comparison, the calculation of the upper cycle efficiency according to Kreid [9] is based on a 
maximum efficiency assumption of 85 %.  

Several thermodynamic studies [13–19] are calculating A-CAES cycle efficiencies which are – in some cases 
significantly – below the cycle efficiency range according to Kreid [9] (Figure 2). A closer look at the 

TES

CAS

C E GM



corresponding plant layouts shows that in these the CAS volumes are operated within a relatively wide 
pressure range (Table A.1). As a result, the compressors are increasingly operated outside their optimum. 
Furthermore, the corresponding plant layouts are using throttle valves to ensure a constant inlet pressure in 
the expansion machines during the discharging process. This measure is leading to an optimum operation of 
the expanders at the cost of high losses of the usable potential energy stored in the CAS. These losses are 
rising with larger operating pressure differences of the CAS. The two negative effects described are leading to 
relatively low cycle efficiencies. 

The developed KompEx LTA-CAES® addresses a relatively wide CAS pressure range but nevertheless 
reaches a comparatively higher electrical efficiency of 55.53 % (point 14 in Figure 2). This is obtained by the 
special constellation of the compressors/expanders and the implemented control strategy of the plant layout, 
which will be discussed later.  

 

Figure 2.  Predicted CAES cycle efficiencies according to [9] and calculated by published A-CAES studies 
depending on storage temperature (based on [8]); see Table A.1 for the literature allocation of the CAES 
layout data points. 

Charging and discharging power 

The designed installed charging/discharging capacity of investigated system layouts usually is depending on 
the addressed application. The focus of past studies is mostly on huge central applications. This usually 
includes storage systems that are used for the temporal shifting of large amounts of energy with high electrical 
power (> 20 MWel, Table A.1). These systems usually operate at the medium and high-voltage level and can 
provide grid services such as minute reserves. In contrast, decentralized storage concepts are characterized 
by lower charging/discharging powers and energy storage volumes. They are usually located near the 
consumer and are suitable to compensate generation and consumption peaks or to backup island grids. Both 
centralized and decentralized storage applications are considered promising, especially when coupled with 
fluctuating renewable energies like wind turbines or photovoltaic plants. [20, 21]  

CAS technology and exergy density 

The amount of energy to be stored as well as geographical conditions have a decisive influence on the choice 
of a suitable CAS technology. In studies on centralized A-CAES concepts, underground salt caverns are 
generally used to store the compressed air (Table A.1), since they have low specific investment costs (€/m³) 
when storing large amounts of energy. The maximum pressure and the realizable pressure difference of salt 
caverns are strongly dependent on their geological characteristics. In corresponding studies, the salt caverns 
are commonly operated with pressure differences of less than 40 bar. 

In the field of decentralized applications, storage capacities below 20 MWel are usually required. Due to the 
strong geographical dependency and the high specific investment costs of salt caverns when storing smaller 
energy quantities, they are unsuitable in this case. Therefore, artificial CAS technologies with smaller storage 
volumes, e. g. in the form of steel tubes, steel cylinders or steel spheres are more appropriate in decentralized 
applications (Table A.1) [20]. In contrast to underground salt caverns, the maximum storage pressure and the 
realizable operating pressure difference for these CAS systems are much higher. Thus, significantly higher 
exergy densities can be achieved, which is of great importance for the economic operation of artificial CAS 
technologies as they have relatively high specific investment costs.  
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As an example: When charging the CAS isothermally at 15 °C, a pressure range of 80–100 bar results in an 
exergy density of about 2.5 kWh/m³, while a pressure range of 60–100 bar results in about 5 kWh/m³ [23]. 

3. KompEx LTA-CAES® 
This section describes the new A-CAES concept which has been developed within the joint project »KompEx 
LTA-CAES® modular - Development of a modular low-temperature compressed air energy storage system 
with reversibly operable machines (KompEx)« funded by the German Federal Ministry for Economic Affairs 
and Climate Action [22]. The goal was to overcome existing barriers regarding the economic realization of 
adiabatic CAES based on four novel approaches. (1) A modular design to reduce unit costs through possible 
serial production. (2) Low storage temperatures to enable short start-up times and thus participation in 
profitable electricity markets. (3) To reduce investment costs, reversibly operable machine sets (KompEx 
machines) for compressed air are being developed. (4) By combining turbo- and piston machines, wide 
pressure ranges within the CAS can be realized, enabling an economical use of various CAS technologies, 
and thus reducing the geographical dependency from salt caverns. 

3.1. Plant Layout 

Figure 3 is showing the simplified block diagram of a KompEx module. Ambient air is compressed to a certain 
intermediate pressure via an intercooled multistage radial turbomachine (TM1-n) driven by a motor-generator 
(MG). The Intercooling is carried out via plate heat exchangers (HX1-n). The occurring thermal energy is stored 
by a two-tank liquid thermal energy storage – referred as low-pressure thermal energy storage (LP-TEShot/cold) 
in the following. Depending on the current operating state (charging/discharging), the heat storage medium 
(water) is transported between the two tanks via a pump through the heat exchangers. The process section 
consisting of motor generator, radial turbomachine, heat exchanger and LP-TES is referred as low-pressure 
process (LP-process) in the following. 

After the LP-process, high-pressure piston machines (PM1-n) – each consisting of 2 individually operable 
cylinders – are compressing the low-pressure air to the pressure level of the CAS, which varies with the filling 
level. Each of the piston machines has its own motor-generator to switch single machines on and off during 
the charging or discharging process, which is important for the implemented process control strategy (Section 
3.3). Due to the higher pressure ratios and thus higher outlet temperatures of the piston machines, the 
respective occurring thermal energy is stored via a high-pressure thermal energy storage (HP-TES) in the form 
of an indirect-flow concrete storage. Using two separated TES systems is resulting to a higher exergetic 
efficiency of the overall process. A trim cooler (TC) connected downstream of the HP-TES is ensuring low inlet 
temperatures to the CAS in order to reduce the required storage volume. The section consisting of piston 
machines including the motor-generators, HP-TES and trim cooler corresponds to the high-pressure process 
(HP-process) of the KompEx LTA-CAES®. 

 

Figure 3.  Simplified block diagram of the KompEx LTA-CAES® module [23]. 

During the discharging process, the compressed air is flowing through the same components in the reverse 
direction. The compressed air is heated via the respective TES system and then expanded in the KompEx 
machines to generate electricity in the motor-generators. By using the reversibly operable KompEx machines, 
a complete machinery train including expanders, heat exchangers and pipes can be omitted resulting in 
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reduced investment costs. Furthermore, the synergetic use of turbo- and piston machines enables an efficient 
operation of wide pressure ranges and thus the option of using artificial CAS technologies in addition to salt 
caverns. Finally, the described KompEx layout represents one module. In order to achieve higher storage 
capacities, several modules can be interconnected. This provides greater flexibility in terms of suitable storage 
applications and the potential to reduce costs by series production. 

3.2. Design parameters 

The design parameters of the investigated KompEx LTA-CAES® module were developed within the KompEx 
project (Table 1). The use of reversibly operable turbo- and piston machines in A-CAES systems leads to some 
special design constraints compared to concepts with separate compressors and expanders. Since the 
compression and expansion of the compressed air in the KompEx system are performed by the same 
machines, the respective design volume flows and thus the charging and discharging power are linked. This 
also applies to the design efficiency of the compression and expansion mode of the KompEx machines. 
Optimizing the KompEx machines for one of the two operating modes has a direct influence on the efficiency 
of the other one. Consequently, a compromise design of the KompEx machines is required. As a result, lower 
nominal efficiencies can be expected compared to separated state-of-the-art turbo- and piston machines. The 
listed nominal efficiencies (Table 1) of both machine types for each operation mode were calculated by detailed 
CFD simulations within the KompEx project [22]. Furthermore, the KompEx layout is specially designed for 
decentralized storage applications. Therefore, the CAS volume is operated within a wide pressure range to 
achieve high exergy densities and thus to reduce the investment costs of the CAS volume. 

Table 1.  Design parameters of the investigated KompEx LTA-CAES® module [23]. 

Design parameter Value Unit 

Nominal electrical Power of charging 2 MWel 
Nominal electrical Power of discharging 1 MWel 
Pol. nominal efficiency in compression mode of TM  82 % 
Is. nominal efficiency in expansion mode of TM 85 % 
Pol. nominal efficiency in compression mode of PM  76 % 
Is. nominal efficiency in expansion mode of PM 80 % 
CAS volume 1.304 m³ 
CAS pressure range 40–100 bar 
Number of turbomachines 3 - 
Number of piston machines 11 - 

 

3.3. Control strategy 

There are many different possible applications for energy storages. Examples include trading on spot markets, 
providing ancillary services, increasing power generation from fluctuating renewable energies and supplying 
electricity in off-grid regions. In some cases, a combination of different applications is also possible. Depending 
on the storage application, different regulatory and technical requirements must be fulfilled by the storage 
system. In particular, participation in ancillary services is associated with strong restrictions. The frequency 
restoration reserve relevant for CAES systems, for example, is requiring a constant power input and output 
over a defined period with a maximum deviation of 5 % [24, 25].  

The KompEx LTA-CAES® is designed to cover a wide range of the mentioned applications. Therefore, a control 
strategy was implemented to provide constant charging and discharging power, which is necessary due to the 
strongly varying storage pressure. For this purpose, the turbomachine stages are designed with variable 
diffusor guide vanes, which enables a wide operating range of the entire turbomachinery train. In addition, 
single cylinders of the piston machines can be switched on and off during operation to adjust the pressure 
between turbo- and piston machines (Section 4.1). Furthermore, the valve on the pressure side of the piston 
machines can be adjusted during discharging process, which enables a less fluctuating controlling in contrast 
to the charging process.  

3.4. Dynamic model 

The investigation of the KompEx LTA-CAES® is carried out with a dynamic plant model developed in 
Modelica/Dymola considering real property data of humid air. The operation behaviour of the KompEx 
machines is modelled via black box models with implemented polynomial surface functions. In these, the 
efficiencies and pressure ratios of each compressor/expander stage are determined as a function of the 
volume flow and the respective actuating value (guide vane angle in the turbomachines; valve position in the 
piston machines). To consider thermal losses to the environment, the heat exchanger, ND-TES, HD-TES, CAS 
and piston machines are modelled diabatically. The dynamic behaviour of the heat exchangers and the HD-
TES are considered by two-dimensional discretized models (finite volume method). Detailed information 



regarding the dynamic model, the implemented KompEx surface functions and equations of each component 
can be found in [23]. The operating schedule of the simulated A-CAES is predefined via a time series in the 
form of the electrical charging and discharging power. The actual plant power is compared with the predefined 
power by means of a PID controller and adjusted accordingly via the control variables implemented in the turbo 
and piston machines. 

4. Results and discussion 
The introduced KompEx plant layout was investigated in detail regarding dynamic interactions, partial load and 
cycling behaviour as well as occurring exergetic losses. In this paper, the focus is only on the control strategy 
and interaction between the turbo- and piston machines. More detailed investigations can be found in [23]. 

4.1. Reference storage cycle 

The dynamic curves of relevant process parameters presented in the following are based on the dynamic 
system simulation of a full storage cycle at nominal load operation and steady state. The system is considered 
to be steady state when the stored exergy in the CAS and TES after a full cycle is equal to that of the previous 
cycle within a deviation of ±1.0 %.  

The charging and discharging process is taking about eight hours, the storage process is set up to four hours. 
During charging process the storage pressure in the CAS rises continuously to the maximum pressure of 100 
bar, drops slightly during storage process due to thermal losses to the environment and decreases to the 
minimum storage pressure of 40 bar during discharging (Figure 4, diagram top left). The electrical power 
consumption and generation is kept practically constant (diagram top right) during the charging and 
discharging process via the mass flow rate (diagram bottom left), which is adjusted by the implemented control 
systems (diagram top right). This is necessary since the total pressure ratio and thus power of the turbo- and 
piston machines varies at constant mass flow rate. The exergetic charging and discharging efficiency is 
strongly dependent on the current operating point resp. storage pressure (diagram bottom right). This 
illustrates that a dynamic process simulation is crucial for a realistic representation and evaluation of the overall 
system. The characteristic behaviour of the illustrated process variables is primarily resulting from the 
interaction of the turbo- and piston machines and the implemented system control, which are described in 
detail in the following section. 

  

  

Figure 4.  Storage pressure, electrical charging and discharging power, mass flow and charging and 
discharging efficiency of the reference storage cycle [23]. 
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4.2. Interaction of the turbo- and piston machines 

This section describes the control strategy and interaction of the turbo- and piston machines during a full 
charging process. The dynamic process behaviour of adiabatic CAES is essentially determined by the transient 
behaviour of the CAS. Therefore, the process parameters regarding the charging process are plotted as a 
function of the storage pressure (Figure 5). The pressure ratio (increasing from 3.58 to 8.88) and thus electrical 
power consumption of the piston machines is rising from 0.81 to 1.12 MWel (diagram top left) due to the 
increasing storage pressure. This power increase is compensated by adjusting the mass flow via the variable 
guide vanes of the turbomachines reducing its power consumption (diagram top right).  

The varying mass flow caused by the control system is resulting in a continuously varying operating point of 
the turbo- and piston machines, which is illustrated by the intermediate pressure (pressure between turbo- and 
piston machines) fluctuating during the charging process (Figure 5, diagram bottom left). The peaks observed 
in the shown diagrams are caused by the shutdown of single piston cylinders during the charging process, 
which is controlled by a discrete control loop. The reduction of the mass flow to provide a constant overall 
power consumption leads to an increased pressure ratio of the piston machines according to its implemented 
characteristic surface function. As a result, the pressure ratio of the three-stage turbomachine and thus the 
intermediate pressure decreases continuously. In order to ensure both machine types are operating efficiently 
and within their operation range, a piston cylinder is switched off at a specified minimum intermediate pressure 
of 11 bar (diagram bottom right). This causes an abrupt drop in the mass flow and thus in the electrical power 
consumption of the piston machinery train. The control system integrated in the turbomachinery train 
compensates this power drop by adjusting the guide vane angles of each stage resulting in an increased mass 
flow and power consumption. Due to the described abrupt interactions, both machine types are reaching a 
new operation point with a raised intermediate pressure. Further charging of the KompEx LTA-CAES® again 
causes the intermediate pressure to decrease until the next piston cylinder is switched off. 

  

  

Figure 5.  Electrical power of turbo- and piston machines, intermediate pressure and number of operating 
piston cylinders as function of the storage pressure for the reference storage cycle [23]. 
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4.3. Part load behaviour 

An important aspect that is often neglected in the literature investigating on A-CAES concepts using isochoric 
CAS is the influence of the varying CAS pressure range on the part load ability when a constant charging and 
discharging power shall be provided. To illustrate the described relationship, Figure 6 is showing a complete 
charging process (40 to 100 bar) with minimum and maximum power consumption of the KompEx system 
drawn in the efficiency map of the three-stage turbomachinery. Its operation limits are the limiting factor for the 
minimal operable power load of the overall system. The normalized efficiency and volume flow rate of 1.0 
correspond to the respective design values.  

During the charging process and thus rising storage pressure, the volume flow rate is reduced by the control 
system to realize a constant electrical power consumption of the overall system (Figure 4). Therefore, the 
volume flow rate must be reduced by up to 30 % via the outlet guide vanes of the turbomachine stages when 
charging with maximal power load. This implies that a great share of the part load ability of the turbomachinery 
– dependent on the operating CAS pressure difference – is consumed to provide a constant power 
consumption. Thus, the minimum electrical power consumption (62 % of nominal load) of the overall system 
is limited by the maximum applied storage pressure (100 bar in this case). Consequently, reducing the upper 
storage pressure leads to a better part load ability of the A-CAES system but also to a reduction of the exergy 
density. 

 
Figure 6.  Efficiency map in the compression mode of the three-stage turbomachine and operating curve of 
the KompEx LTA-CAES® during charging process at minimum (62 % of nominal load) and maximum (100 % 
of nominal load) power consumption. 

5. Conclusion 
The introduced KompEx LTA-CAES® is able to efficiently realize wide CAS pressure ranges by the synergized 
use of turbo- and piston machines and appropriate control systems. Concretely, this is done by continuously 
varying the guide vanes of the turbomachines and a discrete control system to switch off single piston cylinders 
during the charging process. This offers an advantage compared to traditional A-CAES concepts using only 
turbomachines, especially when considering decentralized storage applications where artificial CAS 
technologies instead of salt caverns are usually suitable. For these applications, a high exergy density can 
have a decisive influence on the investment costs of the CAS volume and thus on the profitability of the overall 
system.  

The strong fluctuations of process parameters during charging process (Figure 5) could be reduced by using 
piston cylinders with smaller swept volumes. Besides to the mass flow variation, the fluctuating intermediate 
pressure in particular is resulting to an operation of both machine types apart their design values. In order to 
realize a constant intermediate pressure and avoid discrete process fluctuations, a continuous control unit in 
the piston machinery train could be used, e. g. by implementing a variable speed control. This would lead to a 
more precise control and thus more efficient operation of the turbo and piston machines. 

The operation behaviour of the reversibly operable turbo- and piston machines considered in this paper are 
derived from detailed CFD simulations within the KompEx project. In order to validate the respective data 
points, a test facility of the reversibly operable turbomachine is currently under construction. 
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Appendix A 

Table A.1.  Overview of thermodynamically investigated A-CAES plant layouts sorted by increasing storage 
temperature. 

Nr. Literature1 
𝑷𝐞𝐥,𝐢𝐧  
MWel 

𝑷𝐞𝐥,𝐨𝐮𝐭 

MWel 

𝒑𝐂𝐀𝐒,𝐦𝐢𝐧−𝐦𝐚𝐱 

bar 

𝒕𝐓𝐄𝐒      
°C 

𝜼𝐂𝐀𝐄𝐒      
%AC-AC 

TES- 
Medium 

CAS2 

1 [26] N/A 0,7 8 60 52.90 Water UW 

2 [27] 8.1 8,6 75–125 90 52.00 Water Artificial 

3 [13] N/A 0,5 17–80 92 41.00 Water N/A 

4 [28]1 52.1 28.8 150 95 51.98 Water Cavern 

5 [29]1 1.6 1.4 10–20 95 59.90 Water N/A 

6 [30]1 0.4 2,0 46–66 100 58.90 Water Cavern 

7 [11]1 27.1 19.2 42–70 100 66.17 Water N/A 

8 [31] 16.6 17.7 21–55 110 55.00 Water Cavern 

9 [32]1 1.0 1.0 20–140 116 60.36 Water Artificial 

10 [33]1 1.1 0.9 40–130 120 62.69 Oil N/A 

11 [28]1 52.1 28.8 150 140 56.31 Water Cavern 

12 [7] 51.0 29 125–145 150 56.40 Water Cavern 

13 [34]1 N/A 0.5 3–100 150 51.55 Water Cavern 

14 [23] 2.0 1.0 40–100 166 55.53 
Water/ 
Concrete 

Artificial 

15 [12]1 6.0 9.6 70–100 167 66.08 Water N/A 

16 [35]1 17.7 5.3 25–64 176 60.27 N/A N/A 

17 [36]1 83.3 96.0 40-60 178 57.14 Oil N/A 

18 [28]1 52.1 28.8 150 180 59.07 Water Cavern 

19 [37]1 26.0 14.4 120–155 189 54.25 Oil Artificial 

20 [38] 270.0 140.0 20–81 190 53.30 Water Cavern 

21 [15] N/A N/A 87–142 195 49.77 Oil Cavern 

22 [39] 85.5 131.5 140 216 56.70 Water N/A 

23 [40] 5.0 4.6 25–125 217 62.67 N/A N/A 

24 [41]1 8.3 7.7 40–75 289 59.90 Rock LRC 

25 [19] 1.1 0.9 45–200 298 42.33 Oil Artificial 

26 [42] 60.0 110.0 70–100 300 55.40 Oil Cavern 

27 [43] 103.0 140.0 50–70 300 64.70 N/A Cavern 

28 [16] 60.0 161.0 43–70 300 50.00 Oil Cavern 

29 [44]1 76.0 49.9 140 310 64.51 Water/PCM Cavern 

30 [45]1 2.1 1.9 42–72 313 65.87 Oil N/A 

31 [46] N/A 60.0 65–80 320 60.00 N/A Cavern 

32 [17] N/A N/A 20–70 327 52.25 Rock N/A 

33 [47] 60.0 40,7 72 337 63.31 N/A LRC 

34 [48] 70.0 40.0 40–65 380 68.00 Molten salt Cavern 

35 [49]1 164.2 109.9 82.7 400 63.31 Oil Cavern 

36 [18] 0.1 0.0 4–20 410 52.07 Rock N/A 

37 [50]1 0.5 N/A 20–80 440 65.43 Rock Artificial 

38 [51]1 N/A 110.4 166 450 63.13 Oil N/A 

39 [49]1 164.2 109.9 83 538 64.70 Oil Cavern 

40 [4] N/A N/A 28 550 68.50 Rock LRC 

41 [48] 70.0 40.0 40–65 580 68.70 Molten salt Cavern 

42 [52]1 52.1 96.0 60–100 600 68.20 Rock Cavern 

43 [53]1 N/A N/A 10–100 600 64.51 N/A N/A 

44 [54]1 104.2 96.0 46–66 600 64.70 Rock Cavern 

 

 
1 The calculation of the cycle efficiency in thermodynamic studies is often not uniform. Many studies are only calculating the thermal 
efficiency resp. are neglecting mechanical and electrical losses. For a better comparability, the thermal efficiency in the marked sources 
is converted to the electrical cycle efficiency by assuming an electrical conversion efficiency of 0.96 for the charging and discharging 
process. In the respective sources, the charging and discharging power are also converted to electrical powers using the same factor. 
2 UW = underwater balloon, also called energy bag; Artificial: e. g. steel pipes or steel vessels; LRC = Lined Rock Cavern 



Nr. Literature1 
𝑷𝐞𝐥,𝐢𝐧  
MWel 

𝑷𝐞𝐥,𝐨𝐮𝐭 

MWel 

𝒑𝐂𝐀𝐒,𝐦𝐢𝐧−𝐦𝐚𝐱 

bar 

𝒕𝐓𝐄𝐒      
°C 

𝜼𝐂𝐀𝐄𝐒      
%AC-AC 

TES- 
Medium 

CAS2 

45 [55]1 104.2 211.2 46–72 632 68.20 Rock Cavern 

46 [56] N/A 300.0 ≤100 640 70.00 Rock Cavern 

47 [49]1 164.2 109.9 82.7 649 67.09 Oil Cavern 

48 [57] 300.0 300.0 100–150 668 61.00 N/A Cavern 

49 [58] N/A 100.0 120 N/A 56.60 Water Artificial 

50 [59] 80.0 100.0 40–80 N/A 54.50 Oil N/A 

51 [60] 0.8 0.6 42–85 N/A 55.50 Oil N/A 

 

References 
[1] Hydrostor, Ed., “Hydrostor Activates World's First Utility-Scale Underwater Compressed Air Energy 

Storage System,” Press Release, 2015. 

[2] S. Mei et al., “Design and engineering implementation of non-supplementary fired compressed air energy 
storage system: TICC-500,” Sci. China Technol. Sci., vol. 58, no. 4, pp. 600–611, 2015, doi: 
10.1007/s11431-015-5789-0. 

[3] J. Wang et al., “Overview of Compressed Air Energy Storage and Technology Development,” Energies, 
vol. 10, no. 7, p. 991, 2017, doi: 10.3390/en10070991. 

[4] L. Geissbühler et al., “Pilot-scale demonstration of advanced adiabatic compressed air energy storage, 
Part 1: Plant description and tests with sensible thermal-energy storage,” Journal of Energy Storage, vol. 
17, pp. 129–139, 2018, doi: 10.1016/j.est.2018.02.004. 

[5] Hydrostor, “Projects,” 2021. Accessed: Aug. 24 2021. [Online]. Available: https://www.hydrostor.ca/
projects/ 

[6] Z. Tong, Z. Cheng, and S. Tong, “A review on the development of compressed air energy storage in 
China: Technical and economic challenges to commercialization,” Renewable and Sustainable Energy 
Reviews, vol. 135, p. 110178, 2021, doi: 10.1016/j.rser.2020.110178. 

[7] M. Budt, Thermodynamische Analyse adiabater Druckluftenergiespeicher unter Berücksichtigung 
feuchter Luft und Wassereinspritzung mittels dynamischer Simulation. Dissertation. Oberhausen: Karl 
Maria Laufen, 2016. 

[8] M. Budt, D. Wolf, R. Span, and J. Yan, “A Review on Compressed Air Energy Storage: Basic principles, 
past milestones and recent developments,” Applied Energy, vol. 170, pp. 250–268, 2016, doi: 
10.1016/j.apenergy.2016.02.108. 

[9] D. K. Kreid, “Technical and Economic Feasibility Analysis of the No-Fuel Compressed Air Energy Storage 
Concept,” Pacific Northwest Laboratories, Richland, WA BNWL-2065 UC-94b, 1976. 

[10] D. Wolf and M. Budt, “LTA-CAES – A low-temperature approach to Adiabatic Compressed Air Energy 
Storage,” Applied Energy, vol. 125, pp. 158–164, 2014, doi: 10.1016/j.apenergy.2014.03.013. 

[11] C. Guo et al., “Comprehensive exergy analysis of the dynamic process of compressed air energy storage 
system with low-temperature thermal energy storage,” Applied Thermal Engineering, vol. 147, pp. 684–
693, 2019, doi: 10.1016/j.applthermaleng.2018.10.115. 

[12] H. Guo, Y. Xu, C. Guo, Y. Zhang, H. Hou, and H. Chen, “Off-design performance of CAES systems with 
low-temperature thermal storage under optimized operation strategy,” Journal of Energy Storage, vol. 24, 
p. 100787, 2019, doi: 10.1016/j.est.2019.100787. 

[13] W. Zhang, X. XUE, F. Liu, and S. Mei, “Modelling and experimental validation of advanced adiabatic 
compressed air energy storage with off-design heat exchanger,” IET Renewable Power Generation, vol. 
14, no. 3, pp. 389–398, 2020, doi: 10.1049/iet-rpg.2019.0652. 

[14] Y. He, H. Chen, Y. Xu, and J. Deng, “Compression performance optimization considering variable charge 
pressure in an adiabatic compressed air energy storage system,” Energy, 2018, doi: 
10.1016/j.energy.2018.09.168. 

[15] M. Dooner and J. Wang, “Potential Exergy Storage Capacity of Salt Caverns in the Cheshire Basin Using 
Adiabatic Compressed Air Energy Storage,” Entropy, vol. 21, no. 11, p. 1065, 2019, doi: 
10.3390/e21111065. 

[16] L. Szablowski, P. Krawczyk, K. Badyda, S. Karellas, E. Kakaras, and W. Bujalski, “Energy and exergy 
analysis of adiabatic compressed air energy storage system,” Energy, vol. 138, pp. 12–18, 2017, doi: 
10.1016/j.energy.2017.07.055. 

[17] H. Peng, Y. Yang, R. Li, and X. Ling, “Thermodynamic analysis of an improved adiabatic compressed air 
energy storage system,” Applied Energy, vol. 183, pp. 1361–1373, 2016, doi: 
10.1016/j.apenergy.2016.09.102. 



[18] W. He et al., “Study of cycle-to-cycle dynamic characteristics of adiabatic Compressed Air Energy Storage 
using packed bed Thermal Energy Storage,” Energy, vol. 141, pp. 2120–2134, 2017, doi: 
10.1016/j.energy.2017.11.016. 

[19] S. Mucci, A. Bischi, S. Briola, and A. Baccioli, “Small-scale adiabatic compressed air energy storage: 
Control strategy analysis via dynamic modelling,” Energy Conversion and Management, vol. 243, p. 
114358, 2021, doi: 10.1016/j.enconman.2021.114358. 

[20] M. Sterner and I. Stadler, Eds., Energiespeicher - Bedarf, Technologien, Integration, 2nd ed. Berlin: 
Springer Vieweg, 2017. [Online]. Available: http://dx.doi.org/10.1007/978-3-662-48893-5 

[21] J. Witte, Ed., Zentrale und dezentrale Elemente im Energiesystem: Der richtige Mix für eine stabile und 
nachhaltige Versorgung : Stellungnahme, 2020th ed. München, Halle (Saale), Mainz: acatech - Deutsche 
Akademie der Technikwissenschaften e. V; Deutsche Akademie der Naturforscher Leopoldina e.V. - 
Nationale Akademie der Wissenschaften; Union der deutschen Akademien der Wissenschaften e. V, 
2020. 

[22] M. Budt, M. Hadam, N. Kienzle, and E. Schischke, “Schlussbericht zum Verbundvorhaben KompEx LTA-
CAES® modular: Entwicklung eines modularen Niedertemperatur-Druckluftenergiespeichers mit 
umkehrbar betreibbaren Maschinensätzen,” 2021. 

[23] M. Hadam, “Thermodynamische Analyse eines modularen A-CAES mit umkehrbar betreibbaren Turbo- 
und Kolbenmaschinen,” Dissertation, Ruhr-Universität Bochum, Fakultät für Maschinenbau, Bochum, 
2021. 

[24] FNN, “TransmissionCode 2007: Anforderungen für die Umsetzung des SRL-Poolkonzepts zwischen ÜNB 
und Anbietern,” Anahng D2, Teil 2, Berlin, Nov. 2009. 

[25] D. ÜNB, “Präqualifikationsverfahren für Regelreserveanbieter,” 2020. 

[26] M. Ebrahimi, R. Carriveau, D. S.-K. Ting, and A. McGillis, “Conventional and advanced exergy analysis 
of a grid connected underwater compressed air energy storage facility,” Applied Energy, vol. 242, pp. 
1198–1208, 2019, doi: 10.1016/j.apenergy.2019.03.135. 

[27] F. Buffa, S. Kemble, G. Manfrida, and A. Milazzo, “Exergy and Exergoeconomic Model of a Ground-
Based CAES Plant for Peak-Load Energy Production,” Energies, vol. 6, no. 3, pp. 1050–1067, 2013, doi: 
10.3390/en6021050. 

[28] C. Doetsch, M. Budt, D. Wolf, and A. Kanngießer, “Adiabates Niedertemperatur-
Druckluftspeicherkraftwerk zur Unterstützung der Netzintegration von Windenergie,” Final report, 
Oberhausen, 2012. 

[29] K. Yang, Y. Zhang, X. Li, and J. Xu, “Theoretical evaluation on the impact of heat exchanger in Advanced 
Adiabatic Compressed Air Energy Storage system,” Energy Conversion and Management, vol. 86, pp. 
1031–1044, 2014, doi: 10.1016/j.enconman.2014.06.062. 

[30] X. Luo et al., “Feasibility study of a simulation software tool development for dynamic modelling and 
transient control of adiabatic compressed air energy storage with its electrical power system applications,” 
Applied Energy, vol. 228, pp. 1198–1219, 2018, doi: 10.1016/j.apenergy.2018.06.068. 

[31] X. Luo et al., “Modelling study, efficiency analysis and optimisation of large-scale Adiabatic Compressed 
Air Energy Storage systems with low-temperature thermal storage,” Applied Energy, vol. 162, pp. 589–
600, 2016, doi: 10.1016/j.apenergy.2015.10.091. 

[32] G. Grazzini and A. Milazzo, “A Thermodynamic Analysis of Multistage Adiabatic CAES,” Proc. IEEE, vol. 
100, no. 2, pp. 461–472, 2012, doi: 10.1109/JPROC.2011.2163049. 

[33] Y. He, MengWang, H. Chen, Y. Xu, and J. Deng, “Thermodynamic research on compressed air energy 
storage system with turbines under sliding pressure operation,” Energy, vol. 222, p. 119978, 2021, doi: 
10.1016/j.energy.2021.119978. 

[34] Y. He, H. Chen, Y. Xu, and J. Deng, “Compression performance optimization considering variable charge 
pressure in an adiabatic compressed air energy storage system,” Energy, vol. 165, pp. 349–359, 2018, 
doi: 10.1016/j.energy.2018.09.168. 

[35] Z. Guo, G. Deng, Y. Fan, and G. Chen, “Performance optimization of adiabatic compressed air energy 
storage with ejector technology,” Applied Thermal Engineering, vol. 94, pp. 193–197, 2016, doi: 
10.1016/j.applthermaleng.2015.10.047. 

[36] Z. Han, S. Guo, S. Wang, and W. Li, “Thermodynamic analyses and multi-objective optimization of 
operation mode of advanced adiabatic compressed air energy storage system,” Energy Conversion and 
Management, vol. 174, pp. 45–53, 2018, doi: 10.1016/j.enconman.2018.08.030. 

[37] T. Thomasson, “Dynamic Model Development of Adiabatic Compressed Air Energy Storage,” Master's 
Thesis, School of Energy Systems, Lappeenranta University of Technology, Jyväskylä, 2016. 

[38] F. Uttke, “Modellierung eines adiabaten Druckluftspeichers in Modelica,” Masterarbeit, Institut für 
Energietechnik, Technische Universität Hamburg-Harburg, Hamburg, 2017. 



[39] Y. Mazloum, H. Sayah, and M. Nemer, “Comparative Study of Various Constant-Pressure Compressed 
Air Energy Storage Systems Based on Energy and Exergy Analysis,” J. Energy Resour. Technol, vol. 
143, no. 5, 2021, doi: 10.1115/1.4048506. 

[40] A. Arabkoohsar, H. R. Rahrabi, A. S. Alsagri, and A. A. Alrobaian, “Impact of Off-design operation on the 
effectiveness of a low-temperature compressed air energy storage system,” Energy, vol. 197, p. 117176, 
2020, doi: 10.1016/j.energy.2020.117176. 

[41] J. Fan et al., “Thermodynamic and applicability analysis of a hybrid CAES system using abandoned coal 
mine in China,” Energy, vol. 157, pp. 31–44, 2018, doi: 10.1016/j.energy.2018.05.107. 

[42] Helsingen, “Adiabatic compressed air energy storage,” Master's Thesis, Norwegian University of Science 
and Technology, Trondheim, 2015. 

[43] Y. Huang et al., “Techno-economic Modelling of Large Scale Compressed Air Energy Storage Systems,” 
Energy Procedia, vol. 105, pp. 4034–4039, 2017, doi: 10.1016/j.egypro.2017.03.851. 

[44] B. Ghorbani, M. Mehrpooya, and A. Ardehali, “Energy and exergy analysis of wind farm integrated with 
compressed air energy storage using multi-stage phase change material,” Journal of Cleaner Production, 
vol. 259, p. 120906, 2020, doi: 10.1016/j.jclepro.2020.120906. 

[45] J.-L. Liu and J.-H. Wang, “A comparative research of two adiabatic compressed air energy storage 
systems,” Energy Conversion and Management, vol. 108, pp. 566–578, 2016, doi: 
10.1016/j.enconman.2015.11.049. 

[46] J. Bai et al., “Modelling and control of advanced adiabatic compressed air energy storage under power 
tracking mode considering off-design generating conditions,” Energy, vol. 218, p. 119525, 2021, doi: 
10.1016/j.energy.2020.119525. 

[47] S. Zhou, J. Zhang, W. Song, and Z. Feng, “Comparison Analysis of Different Compressed Air Energy 
Storage Systems,” Energy Procedia, vol. 152, pp. 162–167, 2018, doi: 10.1016/j.egypro.2018.09.075. 

[48] D. Wolf, Methods for design and application of adiabatic compressed air energy: Storage based on 
dynamic modeling. Dissertation. Oberhausen: Karl Maria Laufen, 2011. 

[49] V. de Biasi, “Fundamental analyses to optimize adiabatic CAES plant efficiencies,” Gas Turbine World, 
vol. 39, no. 5, Sep. 2009. 

[50] E. Barbour, D. Mignard, Y. Ding, and Y. Li, “Adiabatic Compressed Air Energy Storage with packed bed 
thermal energy storage,” Applied Energy, vol. 155, pp. 804–815, 2015, doi: 
10.1016/j.apenergy.2015.06.019. 

[51] N. M. Jubeh and Y. S. Najjar, “Green solution for power generation by adoption of adiabatic CAES 
system,” Applied Thermal Engineering, vol. 44, pp. 85–89, 2012, doi: 
10.1016/j.applthermaleng.2012.04.005. 

[52] V. Tola, V. Meloni, F. Spadaccini, and G. Cau, “Performance assessment of Adiabatic Compressed Air 
Energy Storage (A-CAES) power plants integrated with packed-bed thermocline storage systems,” 
Energy Conversion and Management, vol. 151, pp. 343–356, 2017, doi: 
10.1016/j.enconman.2017.08.051. 

[53] H. Mozayeni, X. Wang, and M. Negnevitsky, “Exergy analysis of a one-stage adiabatic compressed air 
energy storage system,” Energy Procedia, vol. 160, pp. 260–267, 2019, doi: 
10.1016/j.egypro.2019.02.145. 

[54] H. Xue, “A comparative analysis and optimisation of thermo-mechanical energy storage technologies,” 
Apollo - University of Cambridge Repository, 2019. 

[55] A. Sciacovelli et al., “Dynamic simulation of Adiabatic Compressed Air Energy Storage (A-CAES) plant 
with integrated thermal storage – Link between components performance and plant performance,” 
Applied Energy, vol. 185, pp. 16–28, 2017, doi: 10.1016/j.apenergy.2016.10.058. 

[56] M. Bieber, R. Marquardt, and P. Moser, “The ADELE Project: Development of an Adiabatic CAES Plant 
Towards Marketability,” in 5th International Renewable Energy Storage Conference, Berlin, 2010. 

[57] N. Hartmann, L. Eltrop, Bauer, N. Salzer, J, S. Schwarz, and M. Schmidt, “Stromspeicherpotentiale für 
Deutschland,” Universität Stuttgart, Stuttgart, Jul. 2012. 

[58] Y. Mazloum, H. Sayah, and M. Nemer, “Exergy analysis and exergoeconomic optimization of a constant-
pressure adiabatic compressed air energy storage system,” Journal of Energy Storage, vol. 14, pp. 192–
202, 2017, doi: 10.1016/j.est.2017.10.006. 

[59] Z. Han, Y. Sun, and P. Li, “Thermo-economic analysis and optimization of a combined cooling, heating 
and power system based on advanced adiabatic compressed air energy storage,” Energy Conversion 
and Management, vol. 212, p. 112811, 2020, doi: 10.1016/j.enconman.2020.112811. 

[60] R. Jiang, Z. Cai, K. Peng, and M. Yang, “Thermo-economic analysis and multi-objective optimization of 
polygeneration system based on advanced adiabatic compressed air energy storage system,” Energy 
Conversion and Management, vol. 229, p. 113724, 2021, doi: 10.1016/j.enconman.2020.113724. 

 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

Potential for optimal operation of Industrial Heat 
Pumps with Thermal Energy Storage for 

emissions and cost reduction 

Roger Padullésa, Magnus Lyck Hansenb, Martin Pihl Andersena, Benjamin 
Zühlsdorfc, Jonas Kjær Jensena and Brian Elmegaarda 

a Department of Civil and Mechanical Engineering, Technical University of Denmark, Kgs. 
Lyngby, Denmark, rpiso@dtu.dk 

b Viegand Maagøe, Copenhagen, Denmark, mlh@viegandmaagoe.dk, 
c Danish Technological Institute, Aarhus, Denmark, bez@teknologisk.dk, 

Abstract: 
This paper presents an optimal control strategy for an industrial heat pump with thermal energy storage (TES) 
in a brewery. The objective of the study is to investigate the potential benefits of load shifting using the TES 
and the impact of the fluctuations of electricity price, solar radiation and carbon intensity of the grid on the 
system operating costs and CO2 emissions. The study is conducted using a simulation model, and the results 
show that by utilizing the TES, the operating costs and CO2 emissions of the heat pump can be reduced 
significantly. The optimal operation of the heat pump is found to be highly dependent on the electricity price 
and the efficiency of the heat pump. Furthermore, the study shows that cost-optimal operation leads to a 
reduction in CO2 emissions and vice versa. The study highlights the potential benefits of implementing such 
an optimal control strategy in industrial settings, where energy demands are high and subject to electricity 
price fluctuations. However, accurately predicting parameters such as electricity price, solar radiation, and 
energy demand is crucial for the optimal control strategy to be effective. Implementing a predictive model that 
can accurately predict these parameters is necessary to exploit the potential of the optimal control strategy. 

Keywords: 
thermal energy storage, industrial heat pump, solar energy, heat recovery, energy efficiency, load shifting 

1. Introduction 
The transition from fossil fuels to renewable energy sources in the power sector presents a significant 
opportunity for the electrification of industry and the implementation of Power-to-Heat technologies, which 
would yield substantial environmental benefits. High Temperature Heat Pumps (HTHP) are capable of 
supplying heat up to 150 °C with high energy efficiency by upgrading industrial waste heat [1]. However, with 
the share of renewables in electricity production increasing, there is an emerging imbalance between energy 
production and consumption, necessitating new grid management approaches.  

Thermal energy storage (TES) can play a vital role in enhancing grid flexibility by providing a means to balance 
the intermittent nature of renewable energy sources. TES systems enable excess thermal energy to be stored 
during times of high availability and used later during periods of low availability, such as during peak demand 
hours [2]. While TES have already been used for industrial waste heat recovery [3], the use of this technology 
may be key to help integrate HTHP and electrify industrial process heat.  

While the combination of heat pumps and thermal energy storages to offer demand flexibility for domestic and 
district heating systems has been investigated in several papers [4]–[8], the industrial application is generally 
overlooked [9]. 

The objective of this study is to assess the capacity of an industrial heat pump system, when integrated with 
TES, to lower CO2 emissions and operating expenses by optimizing its operating schedule. Additionally, this 
study examines the potential benefits of varying the system size, considering investment expenses, and 
conducts a sensitivity analysis of the parameters that mostly impact the results. 

1.1 Case study 
A brewery in Faxe, Denmark, previously described by Hansen et al.[10] is used as the case study throughout 
this work to evaluate the potential savings from the implementation of optimal heat pump operation. This 
industrial facility has an indirect heat recovery system that recovers heat from high-temperature processes and 
stores it in a 375 m3 (𝑉୲ୟ୬୩) to later distribute it to various processes. The external heating is supplied by a 



natural gas boiler through a pressurized hot water loop with a forward temperature of 145 °C. The cooling 
system currently rejects heat to the ambient through cooling towers. Additionally, the brewery installed a 12 
MW (𝑃,୬୭୫) photovoltaic (PV) park to reduce its electricity consumption. 

As a measure to reduce the consumption of natural gas and contribute to its carbon neutrality goals, the facility 
will install a 1.2 MW (𝑄ୌ,୫ୟ୶) heat pump to upgrade the heat from the condensers of the refrigeration system 
to deliver it to the heat recovery tank. This heat pump is the focus of this study. The heat source of the heat 
pump is stable throughout the year and the heat recovery tank offers an opportunity to optimize its operation.  

A schematic representation of the system to be studied is given in Figure 1: 
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Figure 1:Schematic of the studied heat pump and TES system 

Hourly data from the process demand (𝑄୭ୟୢ,௧ ), heat recovery system (𝑄ୌୖ,௧ ) and electricity consumption 
(𝑃୪୭ୟୢ,௧) is given by the brewery in order to calculate the potential savings from the optimal HP operation.  

2. Methods 
Hourly-based Time-series data of the electricity prices, carbon emission intensity and solar radiation, in 
combination with the thermal load, heat recovery and electricity consumption of the facility are used to optimize 
the operation of the heat pump delivering heat to the heat recovery tank. The optimization is performed in 
Python using Pyomo [11].  

The study compares the CO2-optimal and cost-optimal strategies with a base-case scenario that assumes no 
smart control. Additionally, an investigation is included to determine the optimal tank and heat pump size and 
to highlight the importance of thermal energy storage (TES) in the proper integration of the heat pump.  

2.1. Preliminary calculations 
In every case, the Coefficient of Performance (COP) of the heat pump is considered constant. It is calculated 
considering a fixed source temperature (𝑇ୱ୭୳୰ୡୣ), which corresponds to the temperature of the condensers of 
the refrigeration system; fixed sink inlet (𝑇ୱ୧୬୩,୧୬ ) and outlet (𝑇ୱ୧୬୩,୭୳୲ ) temperatures corresponding to the 
temperatures in the tank; and a fixed Lorenz efficiency (η୭୰).  

 
COP = 𝜂୭୰ ⋅

𝑇ୱ୧୬୩,୭୳୲ − 𝑇ୱ୧୬୩,୧୬

𝑇ୱ୭୳୰ୡୣ ⋅ ln
்౩ౡ,౫౪

்౩ౡ,

 (1) 

The capacity of the tank (𝐸୲ୟ୬୩,୫ୟ୶) is also fixed for the entirety of the simulation. It is calculated as:  

 
𝐸୲ୟ୬୩,୫ୟ୶ = 𝑉୲ୟ୬୩ ⋅ 𝜌 ⋅ 𝑐 ⋅ ൫𝑇ୱ୧୬୩,୭୳୲ − 𝑇ୱ୧୬୩,୧୬൯ (2) 

The output from the PV system (𝑃,௧) is calculated from the dataset representing a “Design Reference Year” 
on horizontal solar radiation (𝐺,௧) from the Danish Meteorological Institute [12] and the incidence angle (𝜃௧), 
dependant on the hour, day of the year, location, and tilt of the panels. 

 
𝑃,௧ = 𝑃,୬୭୫ ⋅

𝐺,௧

𝐺ୗେ
⋅ cos(𝜃௧) (3) 



 

2.2. Model description 
The calculation of the annual cost and carbon emissions is based on the energy balance on the tank for every 
timestep (t) as well as the balance on the electricity used and the electricity generated from the PV panels.  

In this study, the tank is considered a perfectly stratified tank, with two distinct temperature levels (𝑇ୱ୧୬୩,୧୬ and 
𝑇ୱ୧୬୩,୭୳୲) without mixing or ambient losses. The energy on the tank on the following timestep (𝐸୲ୟ୬୩,௧ାଵ) is 
calculated using Eq. (4) from the current energy level (𝐸୲ୟ୬୩,௧), the heat recovered (𝑄ୌୖ,௧), the energy output of 
the HP (𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧) and the thermal demand (𝑄୭ୟୢ,௧).  

 

𝐸௧ୟ୬୩,௧ାଵ = ቐ

0 𝑖𝑓 𝐸୲ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,௧ < 0

𝐸௧ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,௧ 𝑖𝑓 0 < 𝐸୲ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,௧ < 𝐸୲ୟ୬୩,୫ୟ୶

𝐸௧ୟ୬୩,୫ୟ୶ 𝑖𝑓 𝐸௧ୟ୬୩,୫ୟ୶ < 𝐸୲ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,୲

 

 

(4) 

Therefore, the energy from the heat recovery system to be curtailed (𝑄ୡ୳୰୲,௧) and the energy that must be 
supplied to the load using the auxiliary boiler (𝑄ୠ୭୧୪ୣ୰,௧) are also calculated using Eq. (5) and Eq. (6): 

 𝑄ୡ୳୰୲,௧

= ൜
0 𝑖𝑓 𝐸௧ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,௧ < 𝐸௧ୟ୬୩,୫ୟ୶

𝐸௧ୟ୬୩,୫ୟ୶ − 𝐸୲ୟ୬୩,୲ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,௧ 𝑖𝑓 𝐸௧ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ − 𝑄୭ୟୢ,௧ > 𝐸௧ୟ୬୩,୫ୟ୶
 

(5) 

 
𝑄୭୧୪ୣ୰,௧ = ൜

0 𝑖𝑓 𝐸௧ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ > 𝑄୭ୟୢ,௧

𝑄୭ୟୢ,௧ − 𝐸୲ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ு,୫ୟ୶ ⋅ 𝑥௧ 𝑖𝑓 𝐸୲ୟ୬୩,௧ + 𝑄ୌୖ,௧ + 𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧ < 𝑄୭ୟୢ,௧
 (6) 

Finally, the operational costs and CO2 emissions can be calculated. The price of electricity (𝑝ୣ୪ୣୡ,௧) and natural 
gas (𝑝ୟୱ,௧) in Denmark are found in Energinet [13]  and the corresponding taxes as of 2021 are applied 
(𝑝ୣ୪ୣୡ,୲ୟ୶ୣୱ). The data on the carbon intensity (CIୣ୪ୣୡ) is taken from ElectricityMaps database [14], and for the 
combustion of natural gas (CIୟୱ), a value of 200.8 g/kWh is considered [15].  

The costs and emissions related to the combustion of natural gas are calculated using Eq. (7) and Eq. (8) 
respectively: 

 Costୟୱ =
1

ηୠ୭୧୪ୣ୰
⋅  𝑄ୠ୭୧୪ୣ୰,௧

௧ୀ

௧ୀ

⋅ 𝑝ୟୱ,௧ (7) 

 COଶୟୱ
=

CIୟୱ

ηୠ୭୧୪ୣ୰
⋅  𝑄ୠ୭୧୪ୣ୰,௧

௧ୀ

௧ୀ

 (8) 

For the electricity, the production from the PV panels is considered. The cost and emissions from the 
purchased electricity is calculated using Eq. (9) and Eq. (10) respectively: 

 

𝐶𝑜𝑠𝑡ୣ୪ୣୡ

=  ൞
൫𝑝ୣ୪ୣୡ,௧ + 𝑝ୣ୪ୣୡ,୲ୟ୶ୣୱ൯ ⋅ ൬

𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧

𝐶𝑂𝑃
+ 𝑃୪୭ୟୢ,௧ − 𝑃,௧൰ 𝑖𝑓

𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧

𝐶𝑂𝑃
+ 𝑃୪୭ୟୢ,௧ > 𝑃,௧

𝑝ୣ୪ୣୡ,௧ ⋅ ൬
𝑄ு,୫ୟ୶ ⋅ 𝑥௧

𝐶𝑂𝑃
+ 𝑃୪୭ୟୢ,௧ − 𝑃,௧൰ 𝑖𝑓

𝑄ୌ,୫ୟ୶ ⋅ 𝑥௧

𝐶𝑂𝑃
+ 𝑃୪୭ୟୢ,௧ < 𝑃,௧

௧ୀ

௧ୀ

 

 

(9) 

 𝐶𝑂ଶୣ୪ୣୡ
=  ൞

𝐶𝐼elec,𝑡 ⋅ ൬
𝑄

HP,max
⋅ 𝑥𝑡

𝐶𝑂𝑃
+ 𝑃load,𝑡 − 𝑃PV,𝑡൰ 𝑖𝑓

𝑄
HP,max

⋅ 𝑥𝑡

𝐶𝑂𝑃
+ 𝑃load,𝑡 > 𝑃PV,𝑡

0 𝑖𝑓
𝑄

HP,max
⋅ 𝑥𝑡

𝐶𝑂𝑃
+ 𝑃load,𝑡 < 𝑃PV,𝑡

𝑡=𝑛

𝑡=0

 (10) 

 

2.3. Heat Pump operation 

2.3.1. Base case operation 

The basic control strategy of the heat pump does not consider fluctuations on electricity price or CO2 emission 
intensity, nor the power produced by the PV system. In this case, the operation of the heat pump is solely 
regulated by the energy level stored in the tank.  



When the state of charge of the tank (𝐸୲ୟ୬୩,௧  / 𝐸୲ୟ୬୩,୫ୟ୶) is below 50 %, the HP is working at its maximum 
capacity (𝑥௧ = 1). As the energy level in the tank approaches the 50 % threshold, the power output of the HP 
is proportionally reduced. In order to avoid curtailing energy from the HR system, the HP is deactivated (𝑥௧ =
0) when the tank level reaches 80 % of its maximum capacity. To avoid curtailment of energy from the heat 
recovery system, the HP is turned off when the level on the tank is at 80 % of its maximum capacity. This 
straightforward control strategy is intended to prevent energy wastage while maximizing the use of the heat 
pump. The control of the HP as function of the energy level on the tank can be shown in Figure 2: 
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Figure 2: HP control strategy for the base case 

 

2.3.2. CO2 and cost-optimal heat pump operation 

In contrast to the previous section, the CO2 and the cost-optimal operation strategies consider the fluctuations 
on the electricity price or carbon intensity as well as the fluctuation of the power output of the PV panels. The 
model described previously is implemented in Pyomo, with the capacity of the HP at each timestep (𝑥௧) as the 
optimization variable.  

Two distinct optimizations are performed with two different objective functions: a cost-optimal operation 
(Costୟୱ + Costୣ୪ୣୡ) and a CO2-optimal operation (COଶୟୱ

+ COଶୣ୪ୣୡ
).  

Additional constraints are included to limit the maximum ramp-up (𝑥୰ୟ୫୮ି୳୮) and ramp-down (𝑥୰ୟ୫୮ିୢ୭୵୬) of the 
heat pump capacity between consecutive timesteps. 

 

2.4. Uncertainty and sensitivity analysis 
Throughout this analysis, certain parameter values have been assumed, and while some of these assumptions 
are reasonable, others, especially those related to the efficiency of the heat pump, are subject to significant 
uncertainty. 

To investigate the robustness of the study's conclusions under different scenarios and to put the potential 
benefits of the optimal operation schedule into perspective relative to other sources of uncertainty, an 
uncertainty analysis is conducted. Table 1 shows the parameters that will be investigated. 

Table 1: Parameters and uncertainties used in the analysis 

Parameter Mean value Type of deviation Deviation 
𝑇ୱ୭୳୰ୡୣ 15 °C Uniform, absolute 3 K 
𝑇ୱ୧୬୩,୧୬ 62.7 °C Uniform, absolute 1 K 
𝑇ୱ୧୬୩,୭୳୲ 90 °C Uniform, absolute 1 K 
𝜂୭୰ 50 % Normal, absolute 5 % 
𝜂୭୧୪ୣ୰ 95 % Normal, absolute 5 % 
𝑥୫୧୬.୪୭ୟୢ 25 % Uniform, absolute 5 % 
𝑥୰ୟ୫୮ି୳୮ 90 % Uniform, absolute 10 % 
𝑥୰ୟ୫୮ିୢ୭୵୬ 90 % Uniform, absolute 10 % 

 

The parameters related to the efficiency of the HP have high uncertainty. The value of 50 % is reasonable 
approach to the calculation of the efficiency of the HP and is taken from a recent market overview [1]. The 
other parameters including the ramp-up, ramp-down and minimum load are taken from the technology 
catalogue [16].  



The values for the temperatures and the efficiency of the boiler are given by the brewery. For these parameters, 
less conservative approach to its uncertainty has been taken.  

Among the possible techniques, the Monte Carlo analysis is chosen for the present study [17]. This method is 
chosen for its usefulness not only for uncertainty but for the sensitivity analysis by linear regression techniques. 
After defining the parameters and their uncertainties, a sampling number of N=2000 is defined, and a sampling 
matrix is generated by means of Latin hypercube sampling. Finally, N number of simulations are performed 
using this matrix, and the results are retrieved to analyse their uncertainties.   

A sensitivity analysis is also performed for the economic savings and CO2 reduction when using a cost-optimal 
operation schedule. For the sensitivity analysis on the model, the Standardized Regression Coefficient (SRC) 
method is used. The SRC method provides a measure of the sensitivity of the model output to each input 
parameter. It does this by quantifying the magnitude and direction of the effect of each input parameter on the 
output, while controlling for the effects of the other input parameters. This method quantifies the sensitivity of 
the results on input parameters by constructing a linear model based on the outputs from the Monte Carlo 
simulation [18].   

 

2.5. Optimal heat pump and tank size 
The optimized operation schedule of the HP may result in an improved business case for the HP and TES 
system. To explore this further, this work includes a small investigation on the investment costs of the system 
and compares the optimal sizing of the HP and TES to the base case operation.  

The investment cost (Cost୧୬୴,୲ୟ୬୩ and Cost୧୬୴,ୌ) functions are found in the Technology Catalogue from the 
Danish Energy Agency [16]:  

 Cost୧୬୴,୲ୟ୬୩ = 7450 ⋅ 𝑉୲ୟ୬୩
.ହଷ (11) 

 Cost୧୬୴,ୌ = 0.73 ⋅ 𝑄ୌ,୫ୟ୶ (12) 

The investment cost is annualized by annualization factor considering a discount rate of i=5% and a lifetime of 
LTHP=25 years and LTtank=40 years.  

Cost = 𝐶𝑜𝑠𝑡୬୴ ⋅ 𝑖
(1 + 𝑖)

(1 + 𝑖) − 1
+ Cost୮ (13) 

Note that, in this part of the analysis, an uncertainty analysis is not performed, as such an optimization would 
have been much more time-consuming and computationally demanding. The average values of the 
parameters presented in Table 1 are used.  

3. Results 
3.1. Energy use 
The annual thermal energy demand of the facility is 16,815 MWh, with 8,587 MWh provided by the heat 
recovery system. The amount of heat delivered by the HP and the boiler, however, differ for every case. Table 
2 shows the annual thermal energy use in the facility in all of the three cases: 

Table 2: Results on heat use 

 Base case operation Cost-optimal operation CO2-optimal operation 
Heat Pump 8,017.5 ± 0.2 MWh 8,166.4 ± 0.2 MWh 8,107 ± 4 MWh 

Boiler 210.1 ± 0.2 MWh 61.3 ± 0.2 MWh 119 ± 4 MWh 

Heat Recovery 8,587.3 MWh 8,587.3 MWh 8,587.3 MWh 

Curtailment 0 MWh 0 MWh 0 MWh 

Total load 16,815.0 MWh 16,815.0 MWh 16,815.0 MWh 

In every case, the entirety of the energy from the HR system is utilized, and the curtailment of energy is 
avoided. From the three scenarios, the cost-optimal operation avoids utilizing the boiler as much as possible, 
even more than the CO2-optimal operation. This implies that, with a sufficiently low HP efficiency and a very 
unfavourable electricity mix, the natural gas boiler is in fact avoiding CO2 emissions. There is, however, a high 
degree of uncertainty in this aspect, and this strategy seems to be the most sensitive to the uncertainties of 
the inputs.  

As for the electricity use, the electricity demand of the brewery before considering the HP is 28,063 MWh and 
the solar panels produce 8,074 MWh annually. Table 3 shows the main results on the electricity use on the 
three cases: 



Table 3: Results on electricity use 

 Base case operation Cost-optimal operation CO2-optimal operation 
Elec. Purchase 24,110 ± 12 MWh 24,120 ± 12 MWh 24,097 ± 10 MWh 

Elec. Sold 1,283 ± 1 MWh 1,241 ± 1 MWh 1,241 ± 1 MWh 

HP consumption  2,839 ± 13 MWh  2,891 ± 13 MWh  2,867 ± 12 MWh 

PV production  8,074.4 MWh 8,074.4 MWh 8,074.4 MWh 

Demand (without HP) 28,061.7 MWh 28,061.7 MWh 28,061.7 MWh 

 

In both cost and CO2 optimal operation schedules, the selling electricity from the PV power is avoided 
compared to the base case operation. The uncertainties in the results, especially in the electricity consumption 
of the HP, seem to be larger than the uncertainties presented in Table 2.  

It is important to note that the electricity consumption of the heat pump, and therefore the focus of this 
optimization represents only between 9.1 and 9.3 % of the total electricity demand.  

3.2. Potential for cost and CO2 emission reduction 
While the difference in annual energy consumption is not substantial, the cost and emissions reduction 
achieved through smart operation of the system is, given that the HP only represents a fraction of the energy 
consumption of the brewery, quite significant. Specifically, the total operation cost including natural gas and 
purchased electricity is 2,934,900 ± 1,500 € in the base case, but it is reduced to 2,901,700 ± 1,400 € and 
2,918,800 ± 1,500 € in the cost- and CO2-optimal cases, respectively. Additionally, the annual CO2 emissions 
are 7,021 ± 3 kgCO2eq. in the base case and are reduced to 6,964 ± 3 kgCO2eq. and 6,922 ± 3 kgCO2eq. in 
the cost- and CO2-optimal cases, respectively.  

The potential for reduction of costs and emissions is shown in Figure 3: 

Cost-optimal operation
CO2-optimal operation  

Figure 3: Potential for cost and emission reduction using a cost-optimal and CO2-optimal HP operation 

The average cost reduction is 33,286 ± 108 €/year and 16,148 ± 38 €/year for the cost- and CO2-optimal 
operation, respectively. Similarly, the reduction in CO2 emissions is 57.27 ± 0.13 kgCO2eq. and 99.19 ± 0.38 
kgCO2eq. for cost- and CO2-optimal operation, respectively. These results show that the cost-optimal smart 
operation of the heat pump not only would imply economic savings but also reduce CO2 emissions and vice 
versa, as the CO2-optimal operation would imply a reduction in the operational cost. 

3.3. Sensitivity analysis 
The sensitivity of the results shown in Figure 3 on the input parameters from Table 1 is measured using SCR 
method. The Standardized Regression Coefficients for each input with respect to each of the four model 
outputs are shown in Table 4: 

Table 4: SRC of the input parameters for each of the outputs 

 
Cost reduction 
(Cost-optimal) 

Cost reduction 
(CO2-optimal) 

Emissions reduction 
(Cost-optimal) 

Emissions reduction 
(CO2-optimal) 

𝑇ୱ୭୳୰ୡୣ -0.126 -0.041 -0.106 -0.120 

𝑇ୱ୧୬୩,୧୬ -0.031 -0.070 -0.097 -0.041 



𝑇ୱ୧୬୩,୭୳୲ 0.067 0.084 0.128 0.071 

𝜂୭୰ -0.947 -0.368 -0.798 -0.930 

𝜂୭୧୪ୣ୰ 0.217 -0.130 -0.564 -0.119 

𝑥୫୧୬.୪୭ୟୢ -0.140 -0.043 -0.117 -0.109 

𝑥୰ୟ୫୮ି୳୮ -0.001 0.002 -0.003 -0.007 

𝑥୰ୟ୫୮ିୢ୭୵୬ -0.006 -0.005 -0.004 -0.013 

R2 0.981 0.165 0.985 0.900 
 

The linear fit is good for the cost and emissions reduction on the cost-optimal operation case and for the 
reduction in emissions for the CO2-optimal case, having a coefficient of determination (R2) of 0.981, 0.985 and 
0.900 respectively. On the other hand, a linear model cannot describe the variance of the reduction in cost on 
the CO2-optimal case, with an R2 that is 0.165, a value way below the acceptable threshold [19]. In this case, 
the SRC method does not capture all the interactions between the inputs and the non-linear behaviour of the 
system. Therefore, some sources of uncertainty may remain unaccounted for. It is possible that this uncertainty 
can be attributed to the non-linear relationship between the electricity price and the CO2 intensity of the grid, 
which may not be fully captured by the linear model used in this study. 

The Lorenz efficiency of the HP is in any case the main source of uncertainty. A negative, high SRC value 
indicates that an increase in the Lorenz efficiency will decrease the savings relative to the basic operation. 
This is an expected outcome, since the COP improvement will decrease the costs and CO2 emissions, the 
absolute difference in the savings is diminished.   

 

3.4. Optimal heat pump and tank size 
The reduction of operational cost derived from the use of the TES for load-shifting affects the business case 
of the HP and the TES. The optimal size of the HP and TES system using an optimized operation schedule 
differs from the optimal size using the base case operation. Figure 4 shows the annualized costs (from Eq. 13) 
for different configurations of HP and TES for both the base-case and the cost-optimal operation: 
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Figure 4: Annualized total costs of different HP and TES sizes using cost-optimal and base-case operation schedules 

The optimal size of the system is a 960 kW HP with a 1,200 m3 tank for the base case and a 1,280 kW HP 
with a 950 m3 tank for the case with an optimized operation schedule.  

As shown, the optimal size of the system is dependant on the operation strategy used. When the optimized 
operation is implemented, the HP size can be much larger, completely avoiding any combustion of natural gas 



and being able to supply more heat during the hours with high solar output or low electricity prices. Additionally, 
the tank size much smaller, as its operation is optimized to take advantage of the entirety of its capacity. 

Note that, due to space constraints, the current TES system installed in the brewery is largely undersized. With 
the current HP system projected, an additional 375 m3 of storage capacity (doubling the size of the current 
tank) would reduce the annual operation costs of the facility by 8,300 € for the base case and 12,300 € for the 
cost-optimal case.  

4. Discussion 
The results show a big potential for savings with the smart operation of the Heat Pump. These reductions on 
cost and emission, however, do not necessarily come from a reduction on the energy use (as shown in Table 
1 and Table 2) but from an optimal scheduling of the HP.  

To visualize this effect, the consumption of electricity for three normal days of operation is shown in Figure 5 
for the cost-optimal schedule. Note that, in this figure, the electricity has been normalized to the electricity 
demand of the brewery and does not represent absolute values. 
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Figure 5: Normalized electricity consumption and electricity price for the Cost-optimal operation schedule for three days 

of operation 

The electricity consumption of the HP represents, at most, less than 30 % of the rest of the brewery’s electricity 
demand. This relatively small flexibility, however, is exploited in order to avoid an excess on the PV power 
production to be sold to the grid. It is also noticeable that, during the hours with peak electricity price (right axis 
in Figure 5), the HP is working at minimum load when possible. 

A similar behaviour can be observed in the CO2-optimal schedule. Figure 6 shows the electricity consumption 
in the CO2-optimal case during the same three days of operation:  
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Figure 6: Normalized electricity consumption and carbon intensity of the grid for the CO2-optimal operation schedule for 

three days of operation 



In this case, the electricity from the PV park is used as much as possible, and the fluctuations in the carbon 
intensity of the grid also affect the operation of the HP. During high carbon intensity hours, the HP is working 
at minimum load.  

The effects observed in Figure 5 and Figure 6 are, as shown in the results from Figure 3, not exclusive. The 
electricity cost is closely related to the electricity mix and therefore its carbon intensity. As the most carbon-
intense are also the most expensive energy sources, the cost-optimal schedule is also reducing CO2 
emissions.  

4.1. Heat pump operation 
As shown in Figure 5 and Figure 6, both the fluctuations of the energy price or carbon intensity and the 
generation from the PV park increase the impact of the optimal HP operation. Figure 7 compares the operation 
of the HP in base case with the cost-optimal and CO2-optimal operation for one day: 
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Figure 7: Heat pump operation for one day 

In the optimal operation strategy, the HP operates almost independently of the energy level in the tank and 
instead follows a pattern that inversely corresponds to the electricity price. The HP operates intermittently 
between maximum and minimum loads, without operating at part-load. While this approach can improve the 
cost and emissions efficiency of the system, it may also cause more extreme and less smooth operation, 
potentially reducing the HP's lifetime and limiting its implementation [20]. Nevertheless, the maximum ramp-
up and ramp-down speeds are already included in this work, with no significant impact observed. 

The efficiency of the HP has the largest impact on results on absolute savings when comparing the optimal 
operation to the base case operation. While a heat pump with a given efficiency is a reasonable approximation 
for a preliminary study, a more detailed calculation of the COP and an actual dynamic HP model would be 
necessary to assess the potential savings in more detail.  

4.2. Thermal energy storage operation 
In the base case, the operation of the HP is determined by the energy level in the TES. It is designed to 
maintain an energy level that would avoid energy curtailment from the HR system and avoid emptying the tank 
as much as possible.  

On the other hand, the optimized schedules take advantage of the flexibility given by the tank to optimize the 
schedule of the HP. In this case, the tank is charged and discharged more frequently, instead of being 
maintained at a certain energy level. An example of the TES operation is given in for the same day of operation 
in Figure 8: 
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Figure 8:Thermal Energy Storage operation for one day 

The model used in this research for the tank is very simple and does not take into account heat losses or 
mixing in the tank. Although assuming no mixing losses in the tank may seem unrealistic, it is reasonable only 
when the charging and discharging times are large. In the case of optimal operation, the heat pump (as shown 
in Figure 7), is working at its maximum or minimum load. Therefore, the tank is charged and discharged at 
faster speeds, which could lead to an increase in mixing losses of the tank [21].  

The synergy of the TES and HP system is highlighted by the investment cost results. The existing tank in the 
facility was originally intended to be used for heat recovery. However, the investigation on investment costs 
shows that is largely undersized when it is used as a heat sink of the HP. A larger tank would allow the HP to 
deliver more heat to the load, and the use of natural gas could be avoided.    

  

4.3. Directions for future research 
While the sensitivity analysis demonstrated the significant impact of uncertainty on some parameters, 
particularly the efficiency of the HP, this study utilized fixed time datasets for the load, electricity consumption, 
PV power, heat recovery, and electricity price to evaluate the potential of the proposed smart operation. 
However, uncertainties associated with the accuracy of these parameter predictions must be taken into 
account when implementing this operational strategy.  

To evaluate the actual system performance, it is necessary to incorporate a predictive model for these factors. 
Predictions on variables such as electricity price, solar radiation, or energy consumption within the brewery 
are typically only valid over a 24-hour time period. It would be interesting to investigate how such a predictive 
model would affect the results obtained in this study, thereby assessing the viability of implementing this 
approach in practice. 

Furthermore, the heat pump and TES system considered in this study could be expanded to include more 
complex features, such as multiple heat sources or loads, and other possible energy storage systems (e.g., 
batteries) that could be used in conjunction with the TES. In addition, the use of a more detailed model for the 
heat pump, such as a dynamic model, would provide a more detailed assessment of the system's performance. 

Finally, the investment cost analysis showed that a larger TES tank would be more cost-effective, which 
suggests that the sizing of the TES tank should be a consideration when designing a system of this kind. 
Further investigation into optimal tank sizing and operation could yield additional insights into system 
performance and cost-effectiveness. 

Overall, this study provides a starting point for the development and implementation of smart energy 
management strategies and integration of HP with TES. However, additional research is needed to optimize 
and validate these strategies in practice. 

5. Conclusion 
The results of this study demonstrate the significant potential for reducing the cost of operation and CO2 
emissions of an industrial heat pump with thermal energy storage. By using an optimal control strategy that 
takes advantage of the thermal energy storage, load shifting can be achieved, which significantly improves the 
business case of the heat pump. The results show a significant correlation between the cost-optimal and CO2-
optimal operations of the HP. Optimal scheduling for cost reduction also leads to a reduction in CO2 emissions 



and vice versa. Therefore, regardless of the CO2 emission policies or electricity purchase agreements, smart 
operation of the system is both economically and environmentally beneficial. 

It is important, however, to carefully evaluate the performance of the system, especially the COP of the heat 
pump, in order to assess the potential savings. The smart operation of the HP should be investigated further, 
as its synergy with the TES could change the optimal system configuration and benefit the business case for 
the overall system. 

While the potential of the optimal control strategy has been shown, implementing such a strategy in practice 
can be challenging. One challenge is making accurate predictions on parameters such as electricity price, 
solar radiation, and energy demand, especially in complicated industrial settings. The results of this study were 
based on fixed time datasets, and the actual performance of the system will depend on the accuracy of these 
predictions. Therefore, implementing a predictive model that can accurately predict these parameters is key to 
exploiting the potential of the optimal control strategy. 

Another challenge is the impact of the optimal control strategy on the lifetime of the heat pump. The results of 
this study showed that the optimal control strategy resulted in less smooth, more extreme operation of the heat 
pump. While the maximum ramp-up and ramp-down speed was included in the analysis, the impact of this 
type of operation on the lifetime of the heat pump is still an open question. 

Despite these challenges, the potential benefits of the optimal control strategy cannot be ignored. This study 
has shown that by using thermal energy storage and load shifting, significant cost and emission reductions 
can be achieved. These benefits are especially important for industries that have high energy demands and 
are subject to fluctuating electricity prices. 

In summary, the potential of an optimal control strategy for an industrial heat pump with thermal energy storage 
has been shown to be a promising approach for reducing costs and emissions. However, implementing this 
strategy in practice requires accurate predictive models and careful consideration of the impact on the lifetime 
of the heat pump. Nonetheless, this study provides valuable insights into the potential benefits of this approach 
and sets the stage for further research in this area. 

 

Nomenclature 
COP Coefficient of Performance (-) Q Heat (kWh) 

CI Carbon Intensity (gCO2eq./kWh) T Temperature (°C) 

cp Heat capacity (kWh/kg K) V Volume (m3) 

E Energy (kWh) x Capacity factor (-) 

G Irradiance (W/m2) ƞ Efficiency (-) 

LT Lifetime of investment (years) θ Incidence angle (°) 

P Electrical power (kWh) ρ Density (kg/m3) 

p Price (€/kWh)   
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Abstract: 

With the increasing volatility in natural gas markets and the need for residential heat, research for alternative 
fuels is necessary for several regions. This paper presents a high-duration thermochemical energy storage 
system (TCES) based on methanol, evaluating its integration with district heating networks, offering a 
renewable solar-based storage solution and low-temperature heat generation from the exothermic discharge 
reaction heat. The system eliminates greenhouse gas emissions by using concentrated solar thermal energy 
to decompose methanol into synthesis gas. Applying the optimised operational thermodynamic parameters, it 
is possible to satisfy the thermal demand of 892 households in Spain through 12 MW of concentrated solar 
energy supported by 10 hours of energy storage. Storage efficiencies exceeding 30% and chemical conversion 
efficiencies exceeding 65% have been demonstrated, resulting in a combined efficiency of 55% for the heating 
network and methanol TCES. The results show a levelized cost of storage (LCOS) highly competitive with 
other storage systems (<100 €/MWh), given the simplicity and flexibility of the proposed system. 

Keywords: 

Thermochemical Energy Storage, Methanol, Concentrated Solar Power, District Heating 

1. Introduction 
Global energy consumption has increased significantly in recent decades [1]. IEA expects that the new 
renewable installed capacity in the next five years (>2300 GW) will be equivalent to that installed in the past 
20 years [2]. Despite this effort to contribute to a clean and sustainable generation [3]–[5], many processes 
still require thermal power and an energy source constant over time. 

The challenges posed by the COP21 objectives [6] regarding the control of the global average temperature 
increase assume the deployment of a storage capacity of 9000 GWh by 2050 [7]. Currently, sensible heat 
storage systems (SHS) and latent heat storage (LHTES) have gained commercial capacity [8]–[10], but still 
have high costs and unavoidable environmental losses. In this regard, thermochemical energy storage 
systems (TCES) are presented as an alternative. Thermal energy decomposes chemical bonds generating 
products that can release energy when integrated into a discharge cycle through an exothermic reaction [11]. 
The versatility and flexibility of the system, given various possible storage strategies, offer an additional 
solution to TES and phase-change material (PCM) systems [12]. 

District heating systems distribute heat from a central source, such as a power plant or industrial facility, to 
multiple buildings in a geographical area [13]. Energy storage can be used in district heating systems to 
enhance efficiency and reduce their environmental impact [14]. For instance, surplus heat generated by a 
power plant or industrial facility can be stored in a TES system [15]. This heat can then be used to meet the 
heating requirements of the buildings in the district during peak demand times, reducing the need to generate 
additional heat from fossil fuels [16], [17]. Furthermore, energy storage can be used in conjunction with 
renewable energy sources to provide a reliable heat source for district heating systems [18]–[20]. This can 
help reduce the dependence on fossil fuels and improve the overall sustainability of the district heating system 
[21]–[24]. Thermochemical energy storage (TCES) can be used in district heating systems to store and 
discharge heat from clean energy sources, such as solar or geothermal power [25]–[27]. In this application, 
methanol is heated to a relatively low temperature (<315 ºC) [28], leading to its decomposition into hydrogen 
(H2) and carbon monoxide (CO). The heat produced by the synthesis reaction is then stored in a thermal 
energy storage system, such as a large tank of water or molten salt [29]. When the stored heat is needed, 
high-pressure hydrogen gas and carbon monoxide are recombined to produce methanol. This reaction 
releases heat, which can generate steam and power a turbine to produce electricity [30]–[32] or, as proposed 
in this work, to support permanent district heating operation. The TCES stores renewable energy and releases 
it when needed in the system, substituting the boilers. Liu and Yabe [30] proposed a system for transporting 
energy using methanol, which involves a two-stage process for synthesising methanol in a liquid phase. This 
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process includes the formation of intermediate products, such as methyl formate, achieving a transportation 
efficiency of 75% for a conversion ratio. In the study by Bai et al. [29], technical feasibility was evaluated for a 
20 kW methanol-based thermal energy storage system consisting of a remodelled parabolic through the 
collector. A novel system proposed by Rodriguez-Pastor et al. [31] involved the conversion of methanol to 
methane TCES configuration, from its intermediate step to synthesis gas, obtaining an overall efficiency of 
40%.  

The advantage of using methanol TCES in district heating systems is that it allows surplus heat generated by 
renewable energy sources to be stored for later use [32], while methanol can be obtained from cheap and 
clean feedstocks, such as biomass [33]. Integration of district heating networks with storage further increases 
overall associated costs, but allows for a reduction in fuel consumption, typically natural gas with volatile prices. 
This can help to enhance the reliability and stability of the district heating system and reduce the need to 
generate heat from fossil fuels [34]. Therefore, thermochemical storage is a promising technology for storing 
and releasing heat from renewable energy sources [35], and its potential to improve the efficiency and 
sustainability of district heating systems is discussed in this work, by presenting a form of thermal energy 
generation, which is also storable and without greenhouse gas emissions. In addition, this paper demonstrates 
that its levelized cost of storage (LCOS) is highly competitive with other TCES systems, given the simplicity 
and flexibility of the proposed system. 

2. System Description 
The proposed system (Figure 1) makes use of methanol decomposition and synthesis reactions. Thermal 
integration for the endothermic reaction will be done with a central receiver system and a heliostat field. The 
liquid pumping of methanol at the inlet of the charge cycle will reduce the compressor power [31], bringing the 
liquid methanol to 10 bar at the reactor inlet.  

 

Figure 1. Conceptual process flow diagram of the proposed Methanol-based solar hybrid TCES system. 

 

At the outlet of the charge phase, the synthesis gas (H2/CO) is stored in tanks, to be discharged into the 
bottoming cycle, which will synthesise the syngas to methanol at 50 bar. The heat generated in this exothermic 
reaction will be recovered in a jacket exchanger for the generation of hot water for district heating. The full 
integration of both charging and discharging cycles is shown in Figure 2. 

 

Figure 2. Process flow diagram of the Methanol-based solar hybrid TCES system. m: Methanol, s: Syngas, 
Qin: Required endothermic heat, Qout: Exothermic heat. Dotted lines: gas-state phase, solid line: liquid-state 
phase 
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Methanol-to-syngas conversion can occur in several ways: direct decomposition of methanol [36], steam 
reforming [37], partial oxidation [38] and auto-thermal reforming [39]. The direct decomposition reaction 
(Equation 1) is a simple reaction that occurs at temperatures below 350°C [40]. Full methanol conversion is 
obtained at higher temperatures as the inlet pressure increases.  

 

𝐶𝐻3𝑂𝐻 →  𝐶𝑂 + 2𝐻2             ∆𝐻298 = 90.7 𝑘𝐽/𝑚𝑜𝑙 (1) 

Liquid methanol will be pumped into a network of heat exchangers (Figure 3), which will use the syngas 
generated at high pressure and temperature to preheat CH3OH. Unreacted methanol is separated from a flash 
separator and recirculating this methanol back into the reactor to ensure complete conversion. 

 

Figure 3. Process flow diagram of the direct solar decomposition of the methanol process (charge phase) and 
the associated conversion of the molar fraction as a function of reaction temperature. m: Methanol, s: Syngas, 
Qin: Required endothermic heat. Dotted lines: gas-state phase, solid line: liquid-state phase 

 

The conversion of syngas to methanol releases thermochemical energy. Syngas is produced and stored at 
100 bar and ambient temperature, avoiding thermal losses and providing long-term energy storage capability. 
This paper focuses on the analysis of the former, converting syngas to methanol in a closed-loop approach for 
TCES systems (Equation 2): 

 

𝐶𝑂 + 2𝐻2 →  𝐶𝐻3𝑂𝐻              ∆𝐻298 = −90.7 𝑘𝐽/𝑚𝑜𝑙 (2) 

Syngas-to-methanol (Figure 4) is the main route of global methanol production [37]. The reaction occurs in a 
range of 15-150 bar, 180-300°C, and an H2/CO ratio< 4.1 [26], [41], catalysed by a standard industrial catalyst 
(Cu/ZnO/Al2O3) [42]. This work assumes a quasi-isothermal tubular reactor at 50 bar. The heat released in the 
exothermic formation of methanol is provided to a heat transfer fluid (HTF) that circulates through a cooling 
jacket around the reactor [40].  

 

Figure 4. Process flow diagram of the methanol synthesis process (discharge phase) and associated molar 
fraction conversion as a function of reaction temperature. m: Methanol, s: Syngas, Qout: Exothermic heat. 
Dotted lines: gas-state phase, solid line: liquid-state phase 

3. Simulation 
The methanol TCES system has been simulated with the commercial software ASPEN HYSYS [45] using the 
Peng-Robinson thermodynamic package. The nominal input parameters of the system are shown in Table 1. 
The entire equipment required for the process is well-known in the industry and can be modelled using lumped 
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volume approaches, as discussed in [43]. However, more detailed kinetics and higher-resolution models 
maoffer even more precise results [44].  

 

Table 1. Thermodynamic considerations assumed for the simulation of the methanol TCES system. 

Variable Value 

Inlet CH3OH molar flow of the charging process  100 mol/s 

CH3OH storage temperature/pressure 64.67 ºC / 1 bar 

Heat Exchangers approach temperature 20 K 

Isentropic efficiency of liquid methanol pump 65% 

Isentropic efficiency of compressors 89% 

Isentropic efficiency of turbines 92% 

Endothermic reaction temperature/pressure 315 ºC / 10 bar 

Exothermic reaction temperature/pressure 250 ºC / 50 bar 

Syngas CO/H2 storage pressure 100 bar 

Discharge pressure 1 bar 

Energy storage time 10 hours 

 

Thermodynamic evaluation has been carried out based on the definition of the overall performance (𝜂𝑝𝑙𝑎𝑛𝑡) of 

the TCES system (Equation 3). 

𝜂𝑝𝑙𝑎𝑛𝑡 =
�̇�𝑒𝑥𝑜 + �̇�𝑇

 �̇�𝐶𝐻3𝑂𝐻 +  �̇�𝑠𝑜𝑙  
· 𝜓 =

�̇�𝑒𝑥𝑜 + �̇�𝑇

 𝐻𝐻𝑉𝐶𝐻3𝑂𝐻 · �̇�𝐶𝐻3𝑂𝐻 + �̇�𝑃𝑉 +  �̇�𝐶𝑆𝑃  
·

ℎ𝑑𝑖𝑠

ℎ𝑐ℎ𝑎𝑟𝑔𝑒

 
(3) 

The performance of the storage system (𝜂𝑠𝑡𝑜𝑟𝑎𝑔𝑒) considers the turbine energy outputs in the discharge phase, 

when considering the solar photovoltaic and thermal input (Equation 4). 

𝜂𝑠𝑡𝑜𝑟𝑎𝑔𝑒 =
�̇�

�̇�𝑠𝑜𝑙

· 𝜓 =
�̇�𝑇

 �̇�𝑃𝑉 + �̇�𝐶𝑆𝑃

·
ℎ𝑑𝑖𝑠

ℎ𝑐ℎ𝑎𝑟𝑔𝑒

 
(4) 

Chemical conversion (𝜂𝑠𝑜𝑙−𝑐ℎ) is described by the solar-to-chemical efficiency, in terms of power (Equation 5). 

𝜂𝑠𝑜𝑙−𝑐ℎ =
𝑋𝐶𝐻3𝑂𝐻�̇�𝐶𝐻3𝑂𝐻Δ𝐻𝐶𝐻3𝑂𝐻  

 �̇�𝐶𝑆𝑃

 
(5) 

Finally, the electrical recovery in the discharge phase turbines is quantified (Equation 6) with the solar-to-
electrical efficiency (𝜂𝑠𝑜𝑙−𝑒𝑙𝑒𝑐) as a function of storage time. 

𝜂𝑠𝑜𝑙−𝑒𝑙𝑒𝑐 =
�̇�

 �̇�𝑃𝑉 + �̇�𝐶𝑆𝑃

·
ℎ𝑑𝑖𝑠

ℎ𝑐ℎ𝑎𝑟𝑔𝑒

 
(6) 

Considering the nominal domestic hot water consumption of a person in the region of Spain, the number of 
single-family dwellings (4 persons) covered with exothermic heat will be given by Equation 7. The daily by 
domestic hot water consumption of a person in Spain is estimated to be 28 litres [45]. 

𝐷𝑤𝑒𝑙𝑙𝑖𝑛𝑔𝑠 =
𝑄𝑒𝑥𝑜/𝐶𝑝Δ𝑇

28
· 𝑃𝑒𝑟𝑠𝑜𝑛𝑠 

(7) 

Where 𝐶𝑝 is the specific heat of water (4.184 kJ/kg-K), Δ𝑇 is the temperature difference between the cold water 

return line and the hot water to meet the heat demand, assumed to be 50ºC [46]. 

Economic analysis depends on the development of component and product markets, which can affect the 
accuracy of the approximations used to estimate emerging technologies. The expressions presented in Table 
2 form the basis of the economic analysis. 

Table 2. Mathematical expressions for estimating equipment costs. 

Equipment Expression Reference 

Compressors 𝐼𝐶𝐶 = 643.15 ∙ �̇�𝐶
0.9142

 [47] 

Turbines 𝐼𝐶𝑇 = 4001.4 ∙ �̇�𝑇
0.6897

 [48] 
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Pump 𝐼𝐶𝑃 =  3531.4 ∙ �̇�𝑃
0.71

 ∙ [ 1 + (
1 − 0.8

1 − 𝜂𝑖,𝑃

)

3

] [49] 

Heat Exchangers 𝐶𝐻𝐸 =  2546.9 ∙ 𝐴𝐻𝐸
0.67 ∙ 𝑝𝐻𝐸

0.28 ∙ 10−6 [49] 

Cooling Tower 𝐼𝐶𝐶𝑜𝑜𝑙𝑖𝑛𝑔
𝑡𝑜𝑤𝑒𝑟 =  32.3 ∙ 𝑄𝑐𝑜𝑜𝑙

̇  [50] 

Endothermic Reactor 𝐼𝐶𝐷𝑟 = 13140 ∙ �̇�𝑟
0.67

 [51] 

Exothermic Reactor 𝐼𝐶𝑀𝑟 = 19594 ∙ �̇�𝑟
0.5

 [51] 

Tanks 𝐼𝐶𝑇𝑎𝑛𝑘 = 83 · 𝑉 [52] 

Solar Photovoltaic Field 𝐼𝐶𝑃𝑉 = 0.995 · �̇�𝑃𝑉 · 106 [2] 

CSP Tower 𝐼𝐶𝑡𝑜𝑤𝑒𝑟
𝑠𝑜𝑙𝑎𝑟 = 57.07 ∙ 𝛷𝑅𝑒𝑐𝑒𝑖𝑣𝑒𝑟 [53] 

 

The levelized cost of storage (LCOS) indicator is proposed for the overall economic evaluation (Equation 7), 
considering a discount rate (𝑟) of 5% and a useful life of the plant (𝑛) of 20 years, and the exothermic reaction 

energy 𝑄𝑒𝑥𝑜. 

𝐿𝐶𝑂𝑆 =
𝐶𝐴𝑃𝐸𝑋 + ∑

𝑂𝑃𝐸𝑋𝑖

(1+𝑟)𝑖
𝑛
𝑖=1

∑
𝑄𝑒𝑥𝑜

(1+𝑟)𝑖
𝑛
𝑖=1

 (7) 

 

𝐶𝐴𝑃𝐸𝑋 being the initial investment cost of the plant, 𝑂𝑃𝐸𝑋𝑖 the annual maintenance costs and 𝑄𝑒𝑥𝑜 the annual 
energy produced in the exothermic phase of the synthesis reaction.  

 

4. Results and Discussion 

4.1. On-design results 

The system design results are shown in Table 3. The overall efficiencies obtained for the plant 𝜂𝑝𝑙𝑎𝑛𝑡 are 

reduced (<15%) due to the consideration of the methanol input energy and the low exothermic heat of reaction. 
This fact significantly favours the load cycle since less thermal power is required for the decomposition of 
methanol to syngas, shown in the solar-to-chemical efficiency 𝜂𝑠𝑜𝑙−𝑐ℎ, which reaches values above 65%. 

Table 3. TCES system results on design for nominal operating parameters. 

Parameter Value 

Solar-to-chemical efficiency (𝜂𝑠𝑜𝑙−𝑐ℎ) 0.677 

Solar-to-electrical efficiency (𝜂𝑠𝑜𝑙−𝑒𝑙𝑒𝑐) 0.071 

Overall performance (𝜂𝑝𝑙𝑎𝑛𝑡) 0.125 

Storage performance (𝜂𝑠𝑡𝑜𝑟𝑎𝑔𝑒) 0.356 

Required endothermic reaction heat [MW] (�̇�𝑒𝑛𝑑𝑜) 12.658 

Exothermic reaction heat [MW] (�̇�𝑒𝑥𝑜) -8.686 

Dwellings covered 892 

Covered annual heat demand [MWh] 53445 

CAPEX [M€] 19.72 

OPEX [M€] 0.936 

LCOS [€/MWh] 85.61 

On the other hand, the storage efficiency of the system 𝜂𝑠𝑡𝑜𝑟𝑎𝑔𝑒 shows competitive values, exceeding 35%, 

given the recovery of the syngas decompression in the discharge cycle turbines and the reduced PV power 
output after thermal integration of the streams. With the 9 MW obtained at the output of the synthesis reactor, 
the demand for 892 single-family houses or the equivalent of a rural village can be covered. Thus, the initial 
investment of the plant is almost 20 M€, after considering an annual OPEX of almost one million euros in 
operating and maintenance costs of the plant. This value is lower in terms of fuel consumption compared to 
District Heating systems based on other fuels [34], although the cost assessment of the heat network has not 
been considered in this paper. The levelised cost value, LCOS, has been shown to be 60% lower than molten 
salt systems and competes with future predictions of hydrogen-based storage systems (90-160 €/MWh) [54]. 
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Figure 5 shows the main thermal currents of the system, based on the above thermodynamic assumptions 
and considerations. Thus, a large amount of energy is returned to the methanol storage, given the low 
efficiency of the synthesis reactor. This high value is due to the high calorific value of methanol, which is not 
utilised given the low heat of the synthesis reaction. Heat exchanger losses are assumed to be 3%, and solar 
field losses are assumed to be 30%. 

 

Figure 5. Sankey diagram for the nominal operating conditions of the methanol-TCES system. 

Therefore, the solar photovoltaic field will feed 3 MW of compressor and pump consumption and 15 MW of 
receiver solar power will be required to extract 8.5 MW for the heat network. The efficiency in terms of solar 
power and DH power will be 47%, whereas the combined efficiency of cogeneration, considering the energy 
exported from the turbines, will be 55%, 40% lower than in internal combustion reciprocating engines [55]. 

4.2. Sensitivity analysis 

The variation in thermal power from the solar receiver will be crucial in the sizing of the reactor and its auxiliary 
systems. Figure 6 evaluates the variation in efficiency as a function of the endothermic temperature of direct 
CH3OH decomposition. Chemical conversion efficiency reaches a maximum at intermediate reaction 
temperatures, although complete conversion cannot be ensured because of a higher molar enthalpy drop in 
the reactor and an increase in yield. However, maximum decomposition conversion is required for solar-to-
electrical yields to ensure better utilisation in the gas turbines of the discharge cycle. This also applies to the 
overall plant performance, which will be higher as the methanol inlet pressure decreases, i.e., to ensure 
complete conversion to syngas. 

 

Figure 6. Solar-to-Chemical/Solar-to-Electrical yields on the left, and plant and storage yields (overall) as a 
function of direct methanol decomposition reaction temperature on the right.  
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This trend is also reflected when evaluating the performance of the heat network (Figure 7b), where higher 
reaction temperatures (right) will result in greater synthesis gas generation and consequently greater 
conversion in the exothermic reactor. The increase in covered households for a reaction temperature between 
150-250ºC is 650 households, which then stabilises at the nominal value of close to 900 homes with the studied 
characteristics.  

 
Figure 7. Number of dwellings covered (thermal demand) and exothermic power generated in the synthesis 
reaction as a function of a) methanol mass flow rate at the inlet of the charging process and b) reaction 
temperature of the direct decomposition of methanol. 

The effect of the mass flow rate of methanol at the inlet is linear with respect to the exothermic power, where 
for every 120 kg/hr of methanol in the system, the demand of approximately 300 homes is covered (Figure 
7a). 

4.3. Economic Analysis 

One of the most remarkable parameters of the proposed system is its low-levelized storage cost, optimised 
under nominal conditions to be minimal and achieve maximum overall yields. Figure 8 shows the variation of 
the LCOS with respect to the operating conditions of the charging phase (Figure 8a) and the discharging 
phase (Figure 8b). Opposite trends are obtained, where higher decomposition reaction temperatures result in 
lower costs, given a higher thermal energy supply to the heat network.  

 

Figure 8. Levelised cost of storage as a function of a) direct methanol decomposition temperature and b) 
syngas to methanol synthesis temperature. 

This LCOS is even lower for higher liquid methanol pressures due to lower compressor consumption. This 
trend is opposite in the case of the synthesis reaction, where higher temperatures result in lower conversion 
and lower exothermic energy, and higher pressures imply higher associated conversions but with less 
influence than in the case of the charging phase. 

5. Conclusions 
This paper proposes a high-duration thermochemical storage system based on methanol, which evaluates 
its integration with district heating networks, offering a renewable solar-based storage solution and low-
temperature heat generation from the exothermic discharge reaction heat:  
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i) The system eliminates greenhouse gas emissions by using concentrated solar thermal energy to 

decompose methanol into synthesis gas.  
ii) Given the low heat of the direct methanol decomposition reaction, chemical conversion efficiencies 

in the charging phase are greater than 65%.  
iii) Storage efficiencies are greater than 35%, producing 8.5 MW of exothermic power from 15 MW 

of solar input that decomposes 100 mol/s of methanol.  
iv) The proposed configuration serves 892 4-person single-family homes and can cover a rural town 

with green methanol. 
v) Levelized storage costs are 60% lower than molten salt systems, as the system is simple and has 

a high associated energy density. 
vi) An optimal decomposition temperature of 315°C/10 bar and 250°C/50 bar is demonstrated in the 

exothermic phase, striking a balance between demand coverage and the levelized cost of the 
system. 
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Nomenclature 

𝑐p specific heat, J/(kg K) 

�̇�  mass flow rate, kg/s 

𝑇 temperature, °C 

𝑋 molar fraction, [-] 

𝑄 heat energy, [kWh] 

𝑊 power energy, [kWh] 

�̇� heat power, [kW] 

�̇� power, [kW] 

 
Greek symbols 

𝜂 efficiency 

𝜓 discharge/charge hours ratio 

 

Subscripts and superscripts 
𝐶𝐻3𝑂𝐻 methanol 

𝑒𝑥𝑜 exothermic 

𝑒𝑛𝑑𝑜 endothermic 

𝑠𝑜𝑙 − 𝑐ℎ  solar-to-chemical 

𝑠𝑜𝑙 − 𝑒𝑙𝑒 solar-to-electrical 
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Abstract: 

Thermal energy storage (TES) fosters the use of renewable energy, improves the efficiency of existing 
processes and enhances the flexibility of energy availability. Extensively researched and applied in buildings, 
TES is still in the early stages of its evolution regarding other relevant applications for which decarbonisation 
of heat exchange is paramount. This is the case in the maritime sector. Therefore, this research proposes a 
novel modular latent heat thermal energy storage (LHTES) system functioning with a phase change material 
(PCM) as an energy storage medium for installation on ships. An analytical model was developed relying on 
a theoretical approach consolidated in the literature. Firstly, the model was validated through the comparison 
with a reference case. Then, it was utilised for evaluating the functioning of various configurations of a TES 
device operating on board a vessel. The performance of the proposed system was investigated during the 
charging and discharging phases considering operating conditions typical of cruising and cargo vessels. The 
effects of device length and height were assessed and the influence of these parameters on the amount of 
energy stored and energy storage density was determined. Overall, the paper provides an innovative 
application of TES technology and highlights the wider benefits of energy storage in the maritime sector. 

Keywords: 

Thermal energy storage; latent heat; maritime decarbonisation; waste heat recovery; PCM. 

1. Introduction 
The functioning of the vast majority of energy systems is currently based on transforming the energy of fuel 
into useful work for their scopes and waste heat released to the environment. This energy inefficiency is a 
paramount problem mainly for industrial thermal processes, heating systems and transportation. Heat 
wastage significantly affects marine applications, especially cruising and cargo vessels. Two-stroke internal 
combustion diesel engines represent the propulsion system of around 96% of modern civilian ships above 
100 t of mass [1]. These engines have values of efficiency lower than 50% with the consequent wastage of 
at least half of fuel energy through cooling fluid streams and exhaust gases [2]. The thermal energy released 
is responsible for about 3% of total greenhouse gas emissions (GHG) worldwide and this level is expected to 
rise together with the global trade through shipping [3]. Since 2011, the International Maritime Organisation 
(IMO) is applying regulations for controlling air and water pollution with the aim of halving emissions by 2050 
[4]. 
The reduction of GHG emissions can be successfully achieved by enhancing energy efficiency. 
Improvements to the existing engines and the use of other technologies on board were widely proposed for 
this purpose [5]. It is estimated that total engine efficiency could be boosted from 50% to 60% and fuel 
efficiency could be raised from 4% to 16% [1,2]. Regarding the energy source, alternative fuels to the 
traditional high sulphur fuel such as liquefied natural gas (LNG), hydrogen, ammonia and advanced bio-fuels 
can be utilised and auxiliary propulsion devices such as modern sails and renewable systems such as solar 
photovoltaic panels and solar hybrid devices can be placed on board. Concerning the direct limitation of 
carbon emissions, carbon capture and storage systems can be installed. Integrating these technologies with 
waste heat recovery (WHR) devices would foster the enhancement of vessel efficiency as at least half of fuel 
energy is lost by way of heat. Currently, the WHR systems used on vessels are waste heat boilers, steam 
turbine cycles or turbocharging devices. However, more sophisticated WHR solutions could be effectively 
installed on board for harnessing thermal energy from exhaust flue gases of diesel engines and their cooling 
fluids such as jacket water and lubricants. 
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The main technologies exploiting heat wastage are thermal energy storage (TES) systems, organic Rankine 
cycles, sorption desalination and refrigeration devices and isobaric expansion engines. They transform the 
thermal power losses of the engine into mechanical or electrical power (waste heat-to-power), cooling power 
(waste heat-to-cold), or they upgrade the excess thermal energy to generate added value for on-board 
demands such as steam or desalinated water. 
The presented research regards the development of an analytical model for solving heat transfer in a TES 
device constituted by a flat plate heat exchanger functioning with air or water as a heat exchange fluid (HTF) 
and a phase change material (PCM) as an energy storage medium. The Methodology section defines the 
theoretical model developed and the finite element approximation strategy applied. The Results and 
discussion section first describes the process of the validation of the model through the comparison with 
consolidated literature data. Then, it shows the application of the model for evaluating the performance of 
five configurations of a TES device for the possible installation on board a vessel. Operating conditions 
typical of cruising and cargo vessels were considered. 

2. Methodology 
A theoretical model of a latent heat thermal energy storage (LHTES) system was developed for evaluating 
the behaviour of heat exchangers with multi-layer rectangular plates functioning with a heat transfer fluid to 
warm or cool a phase change material. 
2.1. Modelling equations 

The model of the multi-layer rectangular LHTES system relies on consolidated theoretical approaches 
present in the literature [6,7] and was successfully used for technical applications [8–10]. The methodology is 
based on three hypotheses regarding the heat transfer transformations. 

- The axial conduction in the fluid is negligible during flow. 
- The temperature gradients normal to the flow are negligible due to the sufficiently low Biot number. 
- The heat losses outside of the domain are negligible. 

The schematic of the model developed is illustrated in Figure 1. The heat transfer fluid with mass flow rate 
�̇�𝑓 and inlet temperature Tf,inl crosses the device along the axial direction x passing through the cavities 
delimited by flat plates with PCM. The fluid can be a gas or a liquid. The phase change material is positioned 
between the flat plates of length L, total cross-sectional area A, and wetted perimeter P. 

 
Figure 1. Scheme of a TES device with flat plate containers. 

The set of equations imposing energy balance for the phase change material and the heat transfer fluid are 
stated in Eq. (1). 
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𝑈𝑃

𝜌𝑓𝐴𝑓𝑐𝑝𝑓
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 (1) 

where u, T, ρ and k are the specific internal energy, temperature, density, and thermal conductivity of PCM, 
Tf, ρf, cpf and Af are the temperature, density, specific heat and flow area of HTF, t is time and U is the overall 
heat transfer coefficient between the two materials. 
The specific internal energy u depends on the temperatures of the HTF and PCM and the thermo-physical 
properties of the PCM based on Eq. (2). 



{

𝑐𝑠(𝑇 − 𝑇𝑟𝑒𝑓)                                               𝑖𝑓 𝑇 < 𝑇𝑚

𝑐𝑠(𝑇𝑚 − 𝑇𝑟𝑒𝑓) + 𝜒𝐹                                 𝑖𝑓 𝑇 = 𝑇𝑚

𝑐𝑠(𝑇𝑚 − 𝑇𝑟𝑒𝑓) + 𝐹 + 𝑐𝑙(𝑇 − 𝑇𝑚)          𝑖𝑓 𝑇 > 𝑇𝑚

 (2) 

where cl and cs are the values of the specific heat of the liquid and solid phases of the PCM, χ is its liquid 
mass fraction, Tm is its melting temperature, F is its latent heat of fusion and Tref is the reference temperature 
corresponding to the null internal energy. 
The general formulation of the energy balance of Eq. (1) can be simplified considering that the heat transfer 
due to axial conduction in the PCM during flow is negligible and assuming a low capacitance for the HTF. In 
these circumstances, the energy balance reduces to Eq. (3). 

{
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 (3) 

The governing equations can be reformulated in a non-dimensional form in terms of the number of transfer 
units NTU as in Eq. (4) through the normalisation relying on the temperature difference between the PCM 
melting temperature and the reference temperature [6]. 

{

𝜕ū

𝜕𝜏
= (𝜃𝑓 − 𝜃)                   

𝜕𝜃𝑓

𝜕𝜁
= 𝑁𝑇𝑈(𝜃 − 𝜃𝑓)        

 (4) 

The normalisation procedure is based on the non-dimensional distance ζ defined as the ratio between the 
axial position x and plate length L and the equations from Eq. (5) to Eq. (9) that provide the non-dimensional 
temperature differences of the PCM and HTF θ and θf, the non-dimensional heat transfer coefficient ū and 
the time τ. 

𝜃 =
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 (5) 
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𝑁𝑇𝑈 =
𝑈𝑃𝐿
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2.2. Finite difference approximation 

The solution of the differential governing equations defined in the NTU formulation was achieved through the 
finite differencing technique [6]. This approach is based on the subdivision of the storage system into a set of 
n axial nodes as illustrated in Figure 2. 

 
Figure 2. Scheme of the computational domain composed by a set of nodes. 



At the beginning of each time step, the PCM internal energy, the HTF temperature at the axial nodes and the 
current inlet fluid temperature are known. Forward differencing techniques are then applied for updating 
these quantities. Therefore, the energy balance is expressed for each nodal position i from 1 to n through 
Eq. (10). 

{
ū𝑖

′ = ū𝑖 + ∆𝜏(𝜃𝑓,𝑖 − 𝜃𝑖)                          

𝜃𝑓,𝑖+1
′ = 𝜃𝑓,𝑖

′ + ∆𝜁𝑁𝑇𝑈(𝜃𝑖 − 𝜃𝑓,𝑖)        
 (10) 

where the superscript refers to the variable at the new time step, Δτ is the non-dimensional time step and Δζ 
is the non-dimensional nodal spacing. 
The first formula of the set of Eq. (10) states that the change in PCM internal energy during the time step 
equals the heat transferred from the HTF to the PCM within this period. In analogy, the second equation 
indicates that the variation in HTF enthalpy from one node to the adjacent one equals the heat added by 
convection. 
At each time step and for every node, Eq. (10) is applied for computing the non-dimensional values of the 
PCM internal energy ū’i and the HTF temperature at the end of the time step based on the known values of 
ūi, θi and θf,i and the updated inlet flow temperature θ’f,i. At first, the updated HTF temperatures are 
determined and then the PCM internal energy of every corresponding node is defined. 
The temperature and quality of all the PCM nodes are updated with Eq. (11) based on the liquid mass 
fraction provided by Eq. (12). The assumption of equivalent values of the specific heat of the liquid and solid 
phases of PCM is imposed. 

ū = 𝜃 +
𝐹

𝑐(𝑇𝑚−𝑇𝑟𝑒𝑓)
𝜒 (11) 

{

𝜒 = 0           𝑖𝑓 𝜃 < 1        
0 ≤ 𝜒 ≤ 1          𝑖𝑓 𝜃 = 1
𝜒 = 1          𝑖𝑓 𝜃 > 1        

 (12) 

The finite difference solution tends to the exact one by increasing the node number as a procedure for the 
discretisation of the computational domain is applied. It was shown in the literature that five nodes are 
sufficient for representing the TES device with a good approximation [6]. 

3. Results and discussion 
The analytical model was validated through the comparison with a reference case selected in the literature 
regarding multi-layer thermal energy storage systems with PCM. Afterwards, the model was applied for 
evaluating the functioning of a TES device operating on board a vessel. 
3.1. Model validation 

A literature reference case was selected to validate the analytical model developed for assessing the 
process of heat transfer in TES devices operating with a phase change storage medium composed of 
cavities with parallel flow paths [9]. The schematic of the thermal energy system of the reference literature 
case is coherent with that of Figure 1 and its main geometric specifications are indicated in Table 1. 

Table 1. Geometric parameters of the heat exchanger defined in the reference case [9]. 
Parameter Symbol Value Unit 

PCM layer number N 3 - 
Fluid channel number Nf 2 - 
PCM layer thickness b 0.005 m 

Fluid channel thickness bf 0.003 m 

The complete definition of the model geometry requires the assumption of the dimensional value of the plate 
length and width. In the analyses conducted, equal dimensional values of 0.03, 0.04 and 0.05 m were 
imposed for these parameters. The wetted perimeter and cross-sectional area of the PCM layers were 
computed based on their width and thickness. The geometric parameters used in the calculations in addition 
to those defined in the reference case are defined in Table 2. 

Table 2. Geometric parameters of the PCM layers assigned in the analyses. 

Parameter Symbol Value Unit 

Plate length L 0.03–0.05 m 



Plate width W 0.03–0.05 m 
PCM perimeter P 0.21–0.33 m 

PCM area A 4.50–7.50 cm2 

The heat transfer fluid crossing the cavities of the device is air and the storage medium is Glauber's salt 
(sodium sulphate decahydrate). 
The physical properties and initial conditions of the PCM defined in the literature reference are listed in Table 
3. In the reference case, the liquid state specific heat of the Glauber's salt is 3.26 kJ/kg/K. However, in the 
simplified model developed the specific heat of the liquid state is assumed equivalent to the value of the solid 
state, which is equal to 1.92 kJ/kg/K. The reference temperature for the simulations was set to 20°C. 

Table 3. Physical properties and initial conditions of the Glauber's salt [9]. 

Parameter Symbol Value Unit 

Inlet temperature Tinl 25 °C 
Melting temperature Tm 32 °C 
Solid state density ρs 1460 kg/m3 
Liquid state density ρl 1330 kg/m3 

Solid state specific heat  cs 1.92 kJ/kg/K 
Specific latent heat of fusion F 251 kJ/kg 

Solid state thermal conductivity  ks 0.514 W/m/K 
Liquid state thermal conductivity  kl 0.514 W/m/K 

The temperature of the air at the domain inlet is 90°C and the initial temperature of the Glauber’s salt is 
25°C. Thus, the thermo-physical properties of air were evaluated at the average temperature of 57.5°C and 
the atmospheric pressure. 
The characteristic length l of the flow cavities was calculated with Eq. (13). This parameter and the Nusselt 
number Nu of 8.235 defined in the reference case were utilised to determine the overall heat transfer 
coefficient U between the HTF and PCM through Eq. (14).  

𝑙 =
4𝐴𝑓

𝑃𝑓
 (13) 

𝑈 =
𝑁𝑢𝑘𝑓

𝑙
 (14) 

where Pf and Af are the perimeter and area of the fluid channels regarding the PCM layer number and kf is 
the air thermal conductivity. 
The air velocity vf was computed with Eq. (15) based on the Nusselt number, the Prandtl number Pr, the 
Reynolds number Re, the dynamic viscosity μ and the density of the airflow and the characteristic length of 
the flow cavities. 

𝑣𝑓 = (
𝑁𝑢

0.664𝑃𝑟
1 3⁄ )

2
𝜇𝑓

𝜌𝑓𝑙
 (15) 

The time corresponding to the non-dimensional time t* of 14 of the literature case was determined with Eq. 
(16) for comparing the results of the two models [9]. 

𝑡 = 𝑡∗ 𝜌𝑠𝑐𝑠𝑏2

4𝑘𝑠
 (16) 

The values of the above parameters applied in the simulations are resumed in Table 4.  
Table 4. Parameters and operating conditions used in the simulations of the reference case [9]. 

Parameter Symbol Value Unit 

Characteristic length l 0.00545–0.00566 m 
Nusselt number Nu 8.235 - 

Overall heat transfer coefficient U 0.0426–0.0411 kW/m2/K 
Average air velocity vf 0.66–0.64 m/s 
Air mass flow rate ṁf 0.00013–0.00020 kg/s 

Reference non-dimensional time t* 14 - 



Reference time t 477.2 s 

The validation of the theoretical model was achieved through the comparison with the literature reference [9]. 
The results of the two models were confronted by analysing the predicted time series of the liquid mass 
fraction and temperature of the HTF and PCM. In Figure 3(a), the increase of the mass fraction of the liquid 
phase of the PCM is presented as a function of time. The convective heat transfer coefficient decreases as 
the plate size increases. The lower rate of heat exchange with growing dimensions determines a rise in the 
time required for reaching equilibrium. In the reference case, the complete melting of the PCM is obtained at 
time 477.2 s when the average liquid mass fraction equals the unit and the device is fully charged. For the 
simulation performed, the melting time is 1102, 1411 and 1710 s based on the increasing plate dimensions. 
The curves have a similar trend, indicating that the simplified analytical model proposed is capable of 
evaluating the melting process. 
Figure 3(b) illustrates the liquid mass fraction computed at each domain node for the device with a length 
and a width equal to 0.04 m. The amount of time required for melting rises from the first to the last node due 
to the reduction of the temperature of the HTF across the flow cavities for the progressive reduction of the 
heat transfer rate. 

  

Figure 3. Time series of the liquid fraction of the Glauber's salt: (a) average values for the reference case 
and different plate dimensions, (b) values at the nodes for the device with the intermediate plate size. 

Figure 4(a) depicts the increase in the average temperature of the Glauber’s salt for the three configurations 
analysed. The rate of rise is greater reducing plate size for the higher heat transfer owing to the lower mass 
airflow rate. The average temperature of the PCM is 54.6°C corresponding to the instant of complete melting 
for the literature case. For the three configurations analysed, the values obtained for this parameter are 
73.53, 75.43 and 76.58°C, respectively. The higher predictions are attributable to the specific heat of the 
liquid phase of the PCM that is assumed equivalent to that of the solid phase in the simplified model 
proposed. 
In Figure 4(b), the temperature of Glauber’s salt calculated at the five nodes is presented as a function of 
time during the charging process. The time required for heating up the PCM to the temperature of the HTF 
rises increasing the distance from the domain inlet as the rate of heat transfer decreases along the channel 
length. 

  



Figure 4. Time series of the temperature of the Glauber's salt: (a) average values for the reference case and 
different plate dimensions, (b) values at the nodes for the device with the intermediate plate size. 

In Figure 5(a), the air temperature at the outlet of the TES device is shown as a function of time for the three 
configurations analysed. The temperature of the HTF increases with time as the PCM melts. When the PCM 
is completely melted, the temperature values are 60.55, 55.47 and 49.91°C, respectively. The temperature of 
the airflow exiting the device approaches the initial temperature of the PCM. The temperature difference 
reduces by increasing the plate size due to the enhancement of heat transfer. 
Figure 5(b) presents the air temperature calculated at the five nodes of the computational domain. In 
particular, the temperature of node 1 is constant and equals the inlet temperature of 90°C of the charging 
fluid. The values of the other nodes rise up to 90°C requiring higher time as the distance from the domain 
inlet grows. The curves of the last three nodes indicate the presence of instabilities at the end of the melting 
transformation which could be minimised by increasing the number of axial nodes and reducing the time step 
size. 

  

Figure 5. Time series of the air temperature: (a) values at the outlet for the reference case and different 
plate dimensions, (b) values at the nodes for the device with the intermediate plate size. 

3.2. Case study 

The TES device considered for the possible application on a vessel is a flat plate heat exchanger similar to 
the schematic illustrated in Figure 6. The plates are stacked parallel to each other and are bundled in a box 
where they are submerged in the phase change material. At each upper extremity of the device, a plenum 
manifold connects the pipe of the heat transfer fluid with all the plates. 

 
Figure 6. Schematic of the structure of the heat exchanger with the box, plates and pipes. 



Five configurations of the TES devices for vessel application were investigated for evaluating the effects of 
plate dimensions on performance. A set of 10 plates with fixed values of thickness of the PCM layers and 
fluid channels was considered. The length and height of the device were varied to explore sizes comparable 
with traditional heat exchangers with submerged flat plates [11]. The length was assigned in the range from 
0.8 to 1.2 m with intervals of 0.1 m and the height was set at 80% of the length. The geometric parameters 
defining the configuration of the case study are listed in Table 5. 

Table 5. Geometric parameters of the TES device configurations considered for operating on a vessel. 

Parameter Symbol Value Unit 

Plate length L 0.80–1.20 m 
Plate height H 0.64–0.96 m 

PCM layer thickness b 0.030 m 
Fluid channel thickness bf 0.018 m 

PCM layer number N 11 - 
Fluid channel number Nf 10 - 

PCM perimeter P 14.74–21.78 m 
PCM area A 0.2112–0.3168 m2 

The system uses water as heat transfer fluid and H105 as phase change material. This is an inorganic salt 
with the chemical formulation KNO3 which is in the form of granules. This storage medium was selected as 
its melting temperature has a value close to the average of the charging and discharging temperatures of the 
water [12]. 
The physical properties and initial conditions of the PCM are provided in Table 6. The hypothesis of equal 
values of the specific heat of the solid and liquid phases was applied. The reference temperature of 20°C 
was considered in the calculations. 

Table 6. Physical properties and initial conditions of the H105 [12]. 

Parameter Symbol Value Unit 

Inlet temperature Tinl 90 °C 
Melting temperature Tm 104 °C 
Solid state density ρs 1700 kg/m3 

Solid state specific heat  cs 1.50 kJ/kg/K 
Specific latent heat of fusion F 125 kJ/kg 

Solid state thermal conductivity  ks 0.500 W/m/K 
Liquid state thermal conductivity  kl 0.500 W/m/K 

The water charges the device at 120°C and discharges it at 90°C in compliance with typical scenarios of 
heat wastage on vessels. A total mass flow rate of 1.50 kg/s was selected, resulting in a mass flow rate of 
0.15 kg/s for each plate. The thermo-physical conditions of the water charging the device were evaluated at 
the average temperature of 105°C and the pressure of 3 atm. 
The formulation of Eq. (13) was applied to determine the characteristic length l of the device. Since the mass 
flow rate of the device was imposed, the average velocity of the water flowing through the cavities was 
determined relying on the water density and the cross-sectional area of the cavity. Thus, the Nusselt number 
was calculated with Eq. (15) and then the overall heat transfer coefficient between the HTF and PCM was 
computed with Eq. (14). The parameters applied in the simulations and the duration of the analyses are 
listed in Table 7.  

Table 7. Parameters and operating conditions used in the simulations of the case study. 

Parameter Symbol Value Unit 

Water mass flow rate ṁf 1.50 kg/s 
Average water velocity vf 0.0136–0.0091 m/s 
Characteristic length l 0.03502–0.03534 m 

Overall heat transfer coefficient U 0.6298–0.5119 kW/m2/K 
Nusselt number Nu 32.48–26.64 - 

Time t 6000 s 



In Figure 7(a), the process of the phase change of the H105 is shown in terms of variation in time of the 
liquid mass fraction. Increasing the dimensions of the plates, the convective heat transfer coefficient reduces 
extending the time required for the charge. The duration of the melting process is 701, 819, 946, 1082 and 
1226 s as the size increases. In analogy, the time for the solidification process is 797, 929, 1072, 1225 and 
1386 s. Therefore, the charging phase is faster than the discharging phase. This is caused by the different 
contributions of heat transfer for conduction and natural convection in the melting and solidification 
processes. 
Figure 7(b) indicates the variation in time of air temperature along the plate length at each domain node. The 
device with an intermediate size with a length of 1 m and a height of 0.8 m was considered for presenting the 
results. The time of melting and solidification increases from the first to the last node as the water 
temperature decreases flowing through the cavities. This determines a progressive reduction of heat transfer 
along plate length. 

  

Figure 7. Time series of the liquid fraction of the H105 salt: (a) average values for the configurations 
investigated, (b) values at the domain nodes for the device with the intermediate size. 

In Figure 8(a), the variation in the average temperature of the H105 salt during charging and discharging is 
depicted. The temperature gradients of both phase transformations are higher for the nodes close to the 
domain inlet for the reduction of the heat transfer in the direction of plate length. The discontinuities in the 
rate of rise of the temperature gradients of the salt are attributable to the presence of the interface between 
solid and liquid and to the duration of phase change along plate length, which is visible in Figure 8(b). The 
temperature gradients are higher during melting than solidification in accordance with the different duration 
of the two transformations. The average values of the temperature of the PCM at complete melting are equal 
to 115.90, 116.16, 116.35, 116.49 and 116.57°C for the various configurations. At complete solidification, the 
average temperatures correspond to 93.39, 93.25, 93.09, 92.97 and 92.95°C. 

  

Figure 8. Time series of the temperature of the H105 salt: (a) average values for the configurations 
investigated, (b) values at the domain nodes for the device with the intermediate size. 

The time series of the water temperature at the domain outlet is illustrated in Figure 9(a) for the five TES 
configurations. The HTF temperature rises during charging and decreases during discharging. The rate of 
rise is higher in the former process and it increases by reducing plate size due to the greater heat transfer. 



The outlet water temperature in the charging phase is 115.45, 114.91, 114.31, 113.66 and 112.95°C based 
on the increasing device size, while it is 93.83, 94.33, 94.87, 95.45 and 96.09°C in the discharging phase. 
Figure 9(b) shows the water temperature computed at the five nodes along the domain. The temperature of 
the first node equals the values of the charging and discharging fluid during the relative phases. For the 
other nodes, the rate of variation increases moving from the inlet to the outlet. 

  

Figure 9. Time series of the water temperature: (a) values at the outlet for the configurations investigated, 
(b) values at the domain nodes for the device with the intermediate size. 

The performance of the TES devices was evaluated in terms of volume and mass of the TES device, energy 
storage of the PCM and energy storage density, defined by the ratio between the first two parameters. The 
data achieved for the five configurations investigated are listed in Table 8. The selection of the best-suited 
configuration for the vessel application depends on the availability of thermal energy and the space and 
weight constraints on board vessels. The energy storage density slightly increases with device dimensions 
for the design space explored. 

Table 8. Performance parameters of the TES devices analysed for the vessel application. 

Parameter Case 1 Case 2 Case 3 Case 4 Case 5 Unit 

Volume 0.30 0.37 0.46 0.55 0.66 m3 
Mass 474 594 727 874 1034 kg 

Energy storage 13.56 17.17 21.19 25.64 30.52 kWh 
Energy storage density 45.57 45.85 46.07 46.26 46.41 kWh/m3 

4. Conclusions 
A novel modular latent heat thermal energy storage (LHTES) system was proposed for the installation on 
cruising and cargo vessels. The main aim of the research is to increase the energy efficiency of ships for 
reducing the carbon emissions of the maritime sector. Moreover, these devices allow stabilising energy 
availability on board by smoothing the intermittency of thermal energy wastage. A theoretical methodology 
consolidated in the literature was applied to develop a fast and reliable analytical model capable of 
investigating a wide variety of geometric configurations and operating conditions. The code solves the heat 
exchange between the heat transfer fluid (HTF) and the phase change material (PCM) during the charging 
and discharging phases. It was found that the discharging time is longer than the charging time, which stems 
from the different contributions of conduction and natural convection heat transfer in melting and 
solidification. Operating conditions characteristic of cruising and cargo vessels were considered for 
evaluating the performance of a set of thermal energy storage (TES) device configurations. Geometric 
parameters suitable for their on-board application were selected to analyse a proper design space. The 
effects on the main performance indicators were assessed by varying the plate length between 0.80 and 
1.20 m and the plate height from 0.64 to 0.96 m while keeping fixed the number of plates and the thickness 
of the HTF channels and PCM layers. The energy stored is between 13.56 and 30.52 kWh and the energy 
storage density ranges from 45.57 to 46.41 kWh/m3. 

Nomenclature 
Roman symbols 
A         area, m2 
b         thickness, m 

Greek symbols 

ζ         non-dimensional distance, - 
θ         non-dimensional temperature difference, - 



c         specific heat, J/kg/K 
cp         constant pressure specific heat, J/kg/K 
F         specific latent heat of fusion, kJ/kg 

H         height, m 
k         thermal conductivity, W/m/K 
L         length, m 
l         characteristic length, m 
ṁ          mass flow rate, kg/s 
N         plate number, - 

NTU     number of transfer units, - 
Nu        Nusselt number, - 
n           node number, - 
P         perimeter, m 
Pr         Prandtl number, - 
Re         Reynolds number, - 
T         temperature, °C 
t         time, s 
t∗         non-dimensional time, - 

U         overall heat transfer coefficient, kW/m2/K 
u         specific internal energy, kJ/kg 
ū         non-dimensional heat transfer coefficient, - 

μ         dynamic viscosity, Pa∙s 
ρ         density, kg/m3 
τ         non-dimensional time, - 
χ         liquid mass fraction, -  
Subscripts and superscripts 

f         fluid 
i         node index 
inl         inlet 
l            liquid 
m          melting 
out       outlet 
ref       reference 
s           solid 
′            new time step 
Acronyms 

GHG      greenhouse gas emissions 
HTF      heat transfer fluid 
IMO      International Maritime Organisation 
LHTES   latent heat thermal energy storage 
LNG      liquefied natural gas 
PCM      phase change material 
TES       thermal energy storage 
WHR     waste heat recovery  
 

v         velocity, m/s  

W width, m  

x axial position, s  
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Abstract: 
The penetration of renewable energies into the electricity system is making it increasingly cheaper, cleaner, 
and safer. It poses specific challenges, such as dispatchability periods and grid frequency stability. 
Storage systems are needed to meet these challenges. Thermochemical reactions have great potential for 
energy transport and storage. Their integration into solar energy systems is of great interest due to the 
possibility of achieving high energy densities and seasonal storage. This work analyses the integration of a 
thermochemical storage system based on ammonia looping into a concentrating solar power (CSP). Energy 
storage is based on a charging phase, where heat is provided for ammonia decomposition and a discharging 
phase, where heat is recovered from ammonia synthesis. This work aims to evaluate the thermodynamic 
performance of a reference plant with a total capacity of 6.2 MW of CSP integrated into an ammonia loop 
power system. The performance and LCOS curves are discussed as a function of synthesis and decomposition 
temperatures. 
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1. Introduction 
Energy storage systems are used to ensure the availability of energy supply. Thermal energy storage (TES) 
and Thermochemical energy storage (TCES) systems are promising technologies for renewable energy 
storage [1]. In recent years, several thermal storage technologies for medium- and high-temperature CSP 
systems have been developed based on the use of materials in which energy is stored as sensible heat [1]–
[5] or latent heat [6].The third form of storage is through thermochemical storage, in which the heat from the 
sun drives an endothermic reaction, which decomposes a compound into other species, storing the energy in 
chemical bonds. This has the advantage that it can be used for long-term energy storage. Different 
thermochemical energy storage approaches have promising results[7]–[9] based on the methanol 
decomposition into syngas [10] or iron carbonates [11]. 

They have an optimum operation at different temperature levels, offering solutions to efficiently convert, store 
and transport solar energy. They allow seasonal storage capacity allowing long mismatch between resource 
availability and discharge for covering demand. Depending on the involved reactions, they can have high 
energy densities [12]. The thermochemical energy storage system based on the ammonia looping is based on 
the decomposition and synthesis of the pair NH3/H2. It has an energy density of 131 MJ/m3 with a turning 
temperature of 195 ºC [7] [11]. From the point of view of thermochemical storage, the reactions of synthesis 
and decomposition of ammonia are opposite reactions that share the absorption and desorption of dinitrogen 
stage. 

Ammonia is a carbon-free hydrogen carrier with a reasonably good volumetric and gravimetric energy density 
compared to hydrogen. It has an energy density of 13.1 GJ/m, whereas hydrogen has an energy density of 
3.5 GJ/m [13],  and it is used as a feedstock and raw material to produce other chemicals [14].  

The ammonia chemical industry has a high environmental impact and needs the integration of renewable 
energy to reduce it [15]. There are several possibilities for integrating renewables in the ammonia industry: 
using biomass gasification systems [16]–[18], solar energy [19], [20], and wind energy [21], [22]. Another option 
is to use biogas produced from the decomposition of organic material, such as agricultural waste or animal 
excrement [23], as a source of hydrogen. 



Ammonia-based solar thermochemical storage systems can help ensure the stability of solar thermal power 
generation systems 24-h basis, offering a high potential for long-term energy storage. Besides, ammonia, the 
main raw material for fertiliser production, can be integrated into a thermochemical storage system. Carden et 
al. pioneered the idea of the ammonia-based energy storage system in 1974 [24]. Subsequent exergy analyses 
studies conducted concluded that the main irreversibility is the heat recovery process. The main losses are 
concentrated in the reaction, the heat transfer within the exothermic reactor and the losses of the exothermic 
reactor countercurrent heat exchanger[25]. In 2019, Chen et al. [26] studied the effects of dissociation reactor 
geometry by performing a 2-dimensional pseudo-homogeneous cylindrical 2-dimensional model of a 
dissociation reactor, concluding that converging conical reactors can achieve the highest conversions. 
Lovegrove et al. proposed an ammonia looping system which operates at a nominal power level of 1 kWchem 

solar dissociation reactor kWe  [27], [28]. 

This work proposes a novel and flexible system in which the renewable energy produced by the sun can be 
stored for a long time. Subsequently, this stored energy is released in the form of heat. This can be used for 
power generation or to provide heat to a process. It is a carbon-free process where ammonia is produced 
based on renewables [29]–[31], thus reducing the consumption of fossil fuels. The efficient and simple form of 
the system results in a competitive levelised cost of storage. 

 

2. System description 
The system consists of a charging cycle, where the ammonia decomposition reaction is carried out, and a 
discharge cycle, where the ammonia synthesis reaction is carried out. The concentrating solar power and a 
heliostat field are integrated into the charge phase to generate syngas through endothermic decomposition. In 
the discharge phase, the syngas is released to the synthesis phase and is converted into ammonia, releasing 
heat to a power cycle. 

In the charging phase, ammonia is stored at 30°C and 25 bar and released to a pump that raises the pressure 
to 100 bar. The ammonia is preheated with the outlet of the decomposition reactor. This ammonia feeds the 
endothermic reactor at 382.3 ºC and 100 bar. The outlet of the reactor contains syngas and unreacted 
ammonia at 500 ºC and 100 bar[13], [32]–[34]. This outlet stream is cooled with the ammonia inlet to the 
reactor to 94.31 ºC.  

 

Figure 1. Conceptual process flow diagram of the ammonia cycle system 

 
 

 

 

 

 

 



Figure 2. Process flow diagram of the ammonia cycle system 

 

 
 

 

In the loading phase, ammonia is stored at 30°C and 25 bar and released to a pump that raises the pressure 
to 100 bar. The ammonia is preheated with the outlet of the decomposition reactor. This ammonia feeds the 
endothermic reactor at 382.3 ºC and 100 bar. The reactor outlet contains syngas and unreacted ammonia at 
600 ºC and 100 bar. This outlet stream is cooled with the ammonia inlet to the reactor to 94.31 ºC and raises 
its pressure to 200 bar. Then, the syngas at 200 bar is stored [35].  

 

 

Figure 3. Process flow diagram of the ammonia decomposition (charge phase) 

 
 

 

In the discharge phase, the synthesis gas is released from the tank, and this stream is cooled with the reactor 
outlet. The inlet stream to the synthesis reactor is at 189.4 °C and 200 bar [36] with a catalyst converter 
Ba/Ru/BN [35]. The reactor outlet stream is at 300 ºC and 200 bar [36]. It separates in a flash into ammonia 
and unreacted synthesis gas. At a steady state and with a sufficiently long residence time in the reactor, the 
syngas would tend to be zero in the synthesis reactor outlet stream. 



 

Figure 4. Process flow diagram of the ammonia synthesis (discharge phase) 

 

 

 

 

3. Simulation 
 

In this section, simulations of the proposed system layout will be carried out. These simulations will be carried 
out in the Aspen Hysys commercial software. 

A series of operating conditions were previously defined to simulate the model, both in the loading and 
discharging phases. 

 

a. Steady-state model. 
b. Sufficient residence time to achieve an overall conversion of 100%. 
c. The minimum approach temperature for all heat exchangers is 20 ºC. 
d. The efficiencies of the pumps, compressors and turbines are 80, 89, and 90%, respectively. 
e. The global, solar-to-chemical and solar-to-electric efficiencies have been defined according to 

equations 1, 2 and 3. 

 

 

 

Table 1. Main parameters of the plant 

Parameter Value Unit 

NH3 storage temperature/pressure 30/25 ºC/bar 

Syngas CO/H2 storage pressure 200 bar 

Endothermic reaction temperature/pressure 500/100 ºC/bar 

Exothermic reaction temperature/pressure 250/200 ºC/bar 

Inlet NH3 molar flow of the charging process 100 mol/s 

 

 

The global performance of the plant is defined as follows. 
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The numerator represents the outputs, which are the energy extracted from the ammonia synthesis and the 
power generated by the expansion turbines, while the denominator represents the heat flow of the ammonia 
stream from the synthesis reactor outlet, the energy consumption by the compressors and the pump, and the 
heat supplied by the CSP. This is affected by a ratio of discharge hours to charge hours. 

 

Also, equations [2] and [3] define a solar-chemical yield and a solar-electric yield. The former represents the 
thermal recovery of the dissociation reaction compared to the CSP power input, while the solar-electric yield 
represents the electrical energy recovery compared to the CSP power and the energy consumption of the 
compressors and pump. Both efficiencies are in terms of heat and electrical energy, respectively. 
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3.1 Economic model 
 

The technical-economic analysis was carried out by evaluating the CAPEX and OPEX and then evaluating the 
LCOS of the system. 

The levelized cost of storage (LCOS) according to equation 4. 
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It is assumed a discount rate (𝑟) of 3% and a useful life of the plant (𝑛) of 20 years. 

 

The CAPEX was evaluated using equipment costs. These equipment costs are calculated based on the 
correlations shown in Table 2. OPEX is assumed to be 20% of CAPEX. 

 

 

Table 2. Correlations for estimating equipment costs. 

Equipment Scaling parameter Expression Reference 

Pump Brake power [kW] and isentropic 
efficiency 

𝐼𝐶 = 6898 ∙ �̇�௦௦

.଼ହ
 [37] 

Compressor Power [kW] 
𝐼𝐶 =  750 ∙ ൫𝑊

̇ ൯
.ଵ

 ∙ ቈ 1 + ቆ
0.2

1 − 𝜂,

ቇ 
[38] 

Turbine Power [kW] 𝐼𝐶் = 4001.4 ∙ �̇�்௨

.଼ଽ
 [37] 

Endotermic 
reactor 

 

Power [kW] 𝐼𝐶ோ = 193000 ∙ �̇�ௗ

.ହ [39] 



Exotermic 
reactor 

 

Power [kW] 𝐼𝐶ௌோ = 19594 ∙ �̇�௫

.ହ [38] 

Tank Volume [m3] 𝐶௧ = 83 ∙ 𝑉௧ ∙ 10ି [40] 

Heat 
exchangers 

Exchanger Area [m2] 

pressure [bar] 

 

Table 
[38] 

Solar tower 
and receiver 

𝛷ோ௩ [𝑘𝑊] 𝐼𝐶௧௪
௦ = 57.07 ∙ 𝛷ோ௩ [41] 

Electric 
generator 

Power [MW] 𝐼𝐶ாீ = 106 ∙ 𝑃.ଽହ [38] 

 

 

4. Results 
 

The results of the system at nominal conditions are shown in Table 3. The solar-to-chemical performance is 
high (>90 %) due to the high conversion achieved in the decomposition reactor regarding the power input by 
the sun. The global performance is low compared to other TCES, as expected by the temperature levels. 
However, it the LCOS is remarkable, which is fairly low compared to other technologies. 

 

Table 3. Results at the operation point 

Parameter Value Unit 

Global performance 11.55 % 

Solar to chemical performance 91.84 % 

Solar to electrical performance 1.753 % 

Exothermic reaction heat -3.78 MW 

Endothermic reaction heat 6.207 MW 

CAPEX  3.964 M€ 

OPEX 0.793 M€ 

LCOS 63.98 €/MWh 

 

 

It can be observed that the LCOS of the plant is 63.98 €/MWh, which is a competitive value, in comparison 
with other types of long-term thermochemical energy storage, such as H2 and CH4 storage with levelized cost 
of electricity of 260-430 €/MWh and 360-550 €/MWh, respectively. Table 4 shows the LCOS of the different 
technologies for long-term and short-term storage. [42] 

 

 

Table 4. Comparison table of LCOS for the different technologies for long-term storage 

Technology Type of storage LCOS [€/MWh] 

PSH (Pumped Storage Hydroelectricity) long-term 930-1850 

dCAES (Diabatic Compressed Air Storage) long-term 20 

aCAES (Adiabatic Compressed Air Storage) long-term 20-40 

H2 Storage long-term 260-430 

CH4 storage long-term 360-530 

NH3 storage long-term 64 

 

 
 

 



4.1. Sensitivity analysis 
 

Different sensitivity analyses were performed as a function of endothermic temperature. Figure 5 shows the 
effect of the molar fraction as a function of the decomposition temperature and synthesis temperature. As the 
decomposition temperature increases, the molar fraction of ammonia increases, whereas as the synthesis 
temperature increases, the conversion of ammonia to syngas decreases to a lesser extent than the 
decomposition reaction. These conversions justify performance trends. 

 

 

Figure 5. Concentration profiles as a function of decomposition temperature (on the left) and synthesis 
temperature (on the right) 

 

  
 

The next analysis is the global performance as a function of the decomposition and synthesis temperatures 
parametrised at four pressures. It has been shown that the higher the operating temperature, the higher the 
overall plant performance. Also, as operating pressures increase, lower overall plant performance. Increasing 
the endothermic temperature increases the conversion of ammonia to syngas, thus increasing the conversion 
in ammonia synthesis, releasing more heat of reaction, and increasing the yield. Likewise, the increase in 
pressure in the discharge phase increases the compression power, affecting the denominator and lowering 
the yield. 

 

Figure 6 follows the same trend of the overall yield as a function of the decomposition temperature, but as the 
reaction temperature increases, the yield decreases. Increasing the reaction temperature the conversion 
decreases. Therefore, the heat flow of the reactor outlet stream is lower, affecting the numerator of the yield 
and decreasing it. 

 

From these graphs, the optimum operating conditions that optimise the overall performance of the plant can 
be selected. The higher the decomposition temperature and the lower the synthesis temperature, the higher 
the overall plant performance. 

 

 

 

 

 

 

 

 



Figure 6. Global performance as a function of decomposition temperature parametrised at four pressures 
(on the left) and parametrised at four synthesis temperatures. 

 

 

  
 

In figure 7 it is shown the exothermic heat release as a function of synthesis temperature parametrised at four 
decomposition temperatures. As a synthesis temperature increases, the exothermic heat released decreases. 
In the opposite trend, as the decomposition temperature increase, the heat releases increase. This fact is 
because as the decomposition temperature increases, the syngas produced is higher. Then, the conversion 
of syngas to ammonia in the synthesis reactor is greater, releasing more heat. 

 

 

Figure 7. Exothermic heat release as a function of synthesis temperature parametrised at four 
decomposition temperatures. 

 

 
 

 

 

 

 



Figure 8 shows the levelized cost of storage as a function of the decomposition temperature and the synthesis 
temperature. As the decomposition temperature increases, the LCOS decreases. Likewise, as the synthesis 
temperature increases, the LCOS takes an opposite trend, decreasing. 

 

 

Figure 8. LCOS as a function of decomposition temperature parametrised at four pressures (on the left) and 
synthesis temperature (on the right). 

 

        
 

It is shown the higher the ammonia pressure at the reactor inlet, the higher the LCOS because the OPEX of 
the installation increases as the pressure drop in the pump increases. This trend is equal in the discharge 
phase. 

When the decomposition temperature rises, the reaction is favoured and shifts to the right, producing more 
syngas. Then the heat released in the synthesis reactor will be higher. This increases the denominator of the 
LCOS by lowering it. As the synthesis temperature increases, the heat of reaction decreases, resulting in a 
rise in LCOS. The rise in the OPEX is reflected mainly in the pressure in both analyses. As the pressure 
increases, the LCOS increases. 

 

 

5. Conclusions 
A thermochemical storage system is proposed, based on the decomposition and synthesis of green ammonia, 
being a CO2-free solution and a very dispatchable system in terms of energy production. 

There are several advantages of the proposed system that can be mentioned. 

 

i. The solar-to-chemical performance is high (92%) due to the high conversion of ammonia in the 
decomposition reaction. In contrast, the overall thermal efficiency of the system is 11.55%, which is 
low due to high compression consumption in relation to the exothermic energy generated in the 
synthesis reaction and the temperature levels.  
 

ii. The system produces 3.78 MW of exothermic heat, with 6.2 MW of power input in the CSP, based on 
100 mol/s of green ammonia. 
 

iii. The system has a competitive LCOS value of 63.98 €/MWh for the design conditions. It is a competitive 
position concerning other long-term thermochemical systems storage, such as H2 or CH4 storage. 
 

iv. The temperature/pressure torque for the load plus phase is 30ºC/25 bar, and for the discharge phase 
250ºC/200 bar, making a compromise between overall plant performance and LCOS.  
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Nomenclature 
 𝜂      efficiency, [-] 

 𝑄   ̇     heat power, [kW] 

 �̇�      heat power, [kW] 

 X       molar fraction [-] 

 �̇�       mass flow [kg/s] 

 ∆ℎ      enthalpy difference, [kJ/kmol] 

  𝐼      Investment cost, [€] 
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Abstract: 

With significant percentages of worldwide energy consumption occurring in the building sector, it is intended 
to reduce energy consumption and, in turn, satisfy the demand with renewable energies. However, 
renewable energies suffer from high variability, so energy accumulation systems become relevant for 
adjusting the time gap between energy supply and demand. In recent years, air conditioning facilities with 
geothermal heat pumps have been on the rise, as they reach higher coefficients of performance (COP) than 
aerothermal heat pumps. In addition, they provide the opportunity to use the ground as a thermal reservoir. A 
first analysis of the feasibility of using the ground as a temporary energy accumulator has been performed in 
this work. To this end, tests have been carried out in an experimental facility with vertical buried pipes to 
evaluate the evolution of ground temperature after heat injection. Temperature probes were placed on the 
pipe surface and monitored at 5 different depths, with tests performed in three different months to observe 
seasonal effects. Dimensional analysis led to the identification of the influencing variables of the problem: 
depth, tube length, tube diameter, time and soil thermal diffusivity. An apparent thermal diffusivity was 
defined to characterize the soil from the thermal measurements. The results allowed identifying a 
subterranean water stream at a particular depth, as well as observing the effects of ambient conditions in the 
system. It was observed that the upper ground layers were heavily affected by ambient conditions, 
discouraging their use for thermal energy storage, whereas depths below the ground water table seemed 
suitable for storing heat efficiently. Differences were found between wet and dry soil, with wet soil better 
suited for the storage of higher energy amounts, but dry soil better suited for keeping the stored energy for 
longer periods without further isolation. 

Keywords: 

thermal energy storage; thermal reservoir; energy supply; temporary energy accumulator; experimental 
testing. 

1. Introduction 
Almost half of global energy use is employed for heat generation purposes, being the building sector one of 
the highest contributors to global emissions. In the current energy and environmental context, both the 
reduction of energy consumption and the use of renewable energy sources are critical issues. When 
renewable energy sources are used, the availability of energy often does not coincide with its need [1], so an 
accumulation system is interesting to absorb the gap between energy production and demand [2].  

Among renewable energies, geothermal energy has been widely used from prehistoric times to the present 
day [3]. As the ground temperature keeps more constant along the year than the ambient temperature, it is 
very interesting for heating and cooling applications in buildings. This feature, combined with high COP heat 
pumps consists of a reliable solution itself. Furthermore, the geothermal facility can be used to store surplus 
production by other renewable sources, as it is the case of solar thermal projects [4,5]. Although ground has 
usually been used for long term accumulation purposes [6,7], Cruickshank and Baldwin [8] studied the 
diurnal performance, showing the interest in using the ground not only for long term accumulation purposes. 

In the first decade of this century, five “Office Buildings Prototypes for Research and Demonstration” were 
constructed or retrofitted within the Singular Strategic Project ARFRISOL [9], showing the construction of 
more environmentally respectful buildings. As a complement to that project, the Gijón Solar Cooling 
Laboratory (GSCL) [10] was installed at the University of Oviedo. The GSCL is a modular plant that allows 
the testing of diverse equipment and technologies, including a geothermal installation with vertical buried 
pipes. With the fundings of the project RehabilitaGeoSol [11] the experimental equipment was completed, 
and the first test of the vertical pipes circuit has been obtained. 
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In this work, experimental results obtained during months of testing in the vertical buried pipes of the GSCL 
are analysed, and first impressions on the influence of the season on the thermal behaviour of the soil are 
discussed. 

2. Materials and methods 

2.1. Description of the vertical pipes circuit 

The GSCL was designed and implemented for testing different technologies for solar cooling production in 
buildings. The laboratory is in the facilities that the University of Oviedo has in the Gijon Polytechnical 
Engineering School. The core of this facility is an absorption machine ClimateWell-CW10, connected to 
several heat sources and sinks. The absorption machine has two different barrels of lithium chloride and 
water, enabling the possibility of storing energy in one of the barrels while the other one is discharging. The 
heat dissipation from the absorption machine can be configured through different technologies: an air heat 
exchanger, an evaporative cooling tower, a water reservoir or different ground heat exchangers with 
horizontal or vertical buried pipes. Figure 1 shows the conceptual scheme of the vertical pipes circuit tested 
in this paper. 

 

Figure 1.  Conceptual scheme of the vertical pipes circuit. 

The vertical pipes circuit consists of 2 U circuits of 32 mm diameter pipes, placed together into a 140 mm 
diameter hole filled with gravel, as can be seen in Figure 2. The pipes are buried down to 140 m depth, and 
3-wires PT-100 probes are fitted to the outer surface of the pipes at five different depths (10 m, 12 m, 19 m, 
69 m and 139 m), whereas flowrates were monitored with Kobold inductive flowmeters. PT-100 probes and 
flowmeters are connected to a Keithley 2700, multimeter equipped with a Keithley 7700 acquisition board 
and a GPIB/USB interface to be connected to a PC which records data every 5 minutes. 

 

Figure 2.  Detail of the pipes entering the ground. 

2.2. Variables influencing in the problem 

As a first approximation to the complexity of the problem, the temperature and physical properties of the 

terrain are assumed to be scalar functions with cylindrical symmetry. It is also assumed that the thermal 

conductivity of the terrain is isotropic. On the other hand, pending evaluation of the possible influence of 

environmental conditions by experimental results, the ground surface is assumed to be adiabatic. 

At a point in the ground at distance 𝑟 from the pipes and depth 𝑧 from the surface, the temperature difference 

∆𝑇 with respect to a point at the same depth and away from the influence of the pipes, depends on the 

physical properties of the ground, namely thermal conductivity 𝑘, specific heat capacity 𝑐 and density 𝜌, the 



diameter 𝐷 and length 𝐿 of the pipes, the temperature difference ∆𝑇0 at the beginning of the cooling, and the 

elapsed cooling time 𝑡. Therefore, a functional relationship of the following type can be written: 

∆𝑇 = 𝑓(𝑟, 𝑧, 𝐷, 𝐿, 𝑘, 𝜌, 𝑐, ∆𝑇0, 𝑡 ) (1) 

The application of Buckingham's pi theorem to this equation, with the classical dimensional basis {𝐿, 𝑀, 𝑇, 𝜃} 

and using 𝐿, 𝜌, 𝑐  and ∆𝑇0  as reference quantities, leads to the following functional relationship between 

dimensionless groups: 
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Since the product of Π𝑘 and Π𝑡 is equal to the Fourier number 𝐹𝑜 = 𝛼𝑡 𝐿2⁄ , equation (2) can be rewritten as 

follows: 
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The influence of Π𝑡 is neither theoretically nor experimentally justified in the literature applicable to similar 

problems. In Appendix A it can be seen that spatially discriminated dimensional analysis predicts that such a 

monomial is spurious. Furthermore, variables 𝑟, 𝐷 and 𝐿 are constants in the case study, so the following 

functional relationship can be proposed as the basis of the experimental analysis: 

∆𝑇

∆𝑇0
= 𝐹 (

𝑧

𝐿
, 𝐹𝑜) (4) 

2.3. Data curation and postprocessing 

The tests performed may be divided into two stages, as depicted in the example of Figure 3. In the first 
stage, heat was injected into the geothermal circuit below the ground until stationary conditions were 
obtained. After that, the heat supply was cut off and the evolution of the system was monitored. Specifically, 
the evolution of the temperature probes placed on the tube walls at 10, 12, 19, 69, and 139 m of depth was 
measured, and at first sight no influence of ambient temperature oscillations was found, even at the lower 
depth probes. The summary of the experimental tests performed is collected in Table 1. The tests were 
performed in May and September 2019 and February 2020, to observe seasonal effects in the behavior of 
the system. 

 

 

Figure 3. Loading curves performed in the experiments of May 2019. 

Table 1. Summary of experimental tests  

 February May September 

Heat injection time 10,110 min 8,685 min 20,000 min 

Heat injection flowrate 11.6 L/min 19.2 L/min 22.5 L/min 

Average heat injection power 14 kW 17.5 kW 15.5 kW 

Heat cut off monitoring time 21,690 min 4,515 min 19,315 min 

Total experiment time 31,800 min 13,200 min 39,315 min 



 

The measurements obtained were firstly filtered with a third order one-dimensional median filter [12] to 
eliminate possible outliers and obtain a clean signal for its subsequent analysis. An example is shown in 
Figure 4 for illustration. 

         

Figure 4. Postprocessing of measurements with 3rd order 1-D median filter 

 

Then, the data were made dimensionless to compare measurements from different depths and periods. As 
the exact thermophysical properties of the soil are unknown, a constant apparent thermal diffusivity 𝛼𝑟𝑒𝑓 =

5.288 · 10−7 m2/s was firstly used to make the data dimensionless. This value was estimated from the values 
obtained in the RehabilitaGeosol project [11] for the area of the experiments: a density of 3200 kg/m3, a 
specific heat of 1300 J/(kg·K), and a thermal conductivity of 2.2 W/(m·K). Thermal diffusivity was considered 
constant, and the underground soil isotropic.  

It is possible, though, that each ground layer has different thermophysical properties. Therefore, with the aim 
of obtaining an estimative characterization of each ground layer, different apparent thermal diffusivities 
𝛼𝑎 were allowed for each ground depth (i.e., data series). The estimations of apparent thermal diffusivity 𝛼𝑎 
were obtained from the fitting of temperature measurements with respect to time. As a first approximation, in 
this work, an equation based on the proposed in [13] for transient heat conduction in semi-infinite solids was 
used, considering the soil as such: 

∆𝑇(𝑡) = ∆𝑇0 erf(𝑑/√4𝛼𝑎𝑡)          (5) 

Where 𝑇0 is the initial temperature in K, 𝑇∞ is the steady-state temperature in K, 𝑑 is the distance between 

the tube center and the probe position, 0.07 m,  𝛼𝑎 is the apparent thermal diffusivity of the soil in m2/s and 𝑡 

is the time in s. Typical values for soil thermal diffusivity are in the range of 5 · 10−7 m2/s, [14,15,16] so 

values of 𝛼𝑎 in the order of magnitude of 10-7 are expected.  

 

2.4. Influence of ambient conditions 

The soil is constituted by different minerals and rocks of different sizes, leaving gaps in between that may be 
filled with liquids and gases [17]. The estimation of soil thermophysical properties becomes a challenge due 
to this heterogeneous composition of the soil, which affects density, thermal conductivity, heat capacity and 
thus thermal diffusivity. When air is displaced by water from the gaps between solid fractions, the soil thermal 
conductivity is bound to increase. The increase of moisture also increases thermal conductivity due to the 
changes in the bond between water and soil, as well as the peculiar characteristics of water interfaces [18]. 
Volumetric heat capacity also increases with the addition of water. Once the thermal conductivity reaches a 
maximum value, the addition of more water continues increasing the soil heat capacity. As a consequence, 
thermal diffusivity exhibits an increasing trend for the addition of water at low moisture values, reaching a 
maximum for a particular moisture content, and then decreasing with further addition of water [19,20]. Apart 
from the composition, soil temperature affects its properties. Heat capacity and thermal conductivity are 
lower at lower temperatures, leading to variations in the thermal diffusivity of soil depending on the relative 
rate of change between these two variables. 

In addition, it has been verified that ambient conditions influence the behavior of the upper ground layers and 
that both temperature and the amount of moisture influence soil properties [17], so meteorological data from 
the period in which the experiments were performed were collected from the Spanish State Agency for 
Meteorology [21] to provide a better insight into the results and their implications. Figure 5 shows the 
temperature and precipitation conditions at ground level from a month before starting the experiments until 
the experiments were finished. The exact dates in which the heat injection and cutoff processes for the 
experiment took place have been highlighted in the graphs. These data should help to generate the 

 

 



landscape for understanding the initial conditions for the experiments and the evolution of the system 
throughout the heat injection and heat cutoff processes. 

 

  

a) May 2019 b) September 2019 

 

c) February 2020 

Figure 5. Climate conditions above ground level at the experiment dates 

 

Regarding the measurements from the meteorological station, it may be appreciated that there was a high 
period of rain before the experiments in May took place, with 91.9 mm, followed by February, with 49.2 mm 
and September, with 29.2 mm. Nevertheless, during the experiments, May had the driest conditions, 5.2 mm, 
followed by September, with 11.2 mm and February with 19.2 mm. Average temperatures are almost 
constant in the case of February, showing an increasing trend in May and a decreasing trend in September. 
Particularly, during the experiments, average ambient temperatures were 12.4 ºC in May, 18.4 ºC in 
September, and 10.7 ºC in February. 

3. Results 

3.1. Influence of depth 

Figure 6 shows the evolution of dimensionless temperatures at all measured depths for the three seasons 
studied. It may be observed that there is an upper zone (𝑧/𝐿 ≤ 0.086), the temperature evolution is slower 
than in the lower zone (𝑧/𝐿 ≤ 0.136). This effect could be attributed to the fact that the water table where the 

experiments were performed is at 15 m underground (𝑧/𝐿 ≤ 0.107), so this depth could mark the fringe 

between both behavior types. A very different behavior may be appreciated for the temperatures at 𝑧/𝐿 = 
0.493, which decrease abruptly as soon as heat injection is stopped. This behavior might be representative 
of a subterranean water stream, that draws heat at a higher rate than underground soil, as a result of the 
combination of conduction and also convection mechanisms. Comparing the three periods, the size of the 
gap between the upper and lower zones of the ground seems bigger in the case of May 2019. This could be 
attributed to the drier ambient conditions during the experiments, as the introduction of rainwater during the 
experiments in September and February may have helped to increase the slope of the cooling curves in 
these periods. 

 



  

a) May 2019 b) September 2019 

 

c) February 2020 

Figure 6. Evolution of dimensionless temperatures in different seasons (same layer diffusivities) 

 

When different apparent thermal diffusivities were allowed for each ground depth, an interesting result was 
obtained: all curves, apart from the one with the alleged underground stream, collapsed into one in the 
dimensionless representation, as shown in Figure 7. This might suggest that the heat transfer physical 
mechanism could be the same for the collapsing curves, considering the different initial conditions and soil 
thermophysical properties. The results also lead to think that the physical mechanism of heat transfer at the 
specific depth 𝑧/𝐿 = 0.493 could be different from the others, so the presence of a subterranean water 
stream drawing heat by convection seems more feasible. In addition, different behaviors for the whole 
system arise in different seasons. The values of the apparent thermal diffusivity obtained for each season 
and depth have been collected in Table 3. 

 

Table 3. Apparent thermal diffusivities as a function of dimensionless depth and season 

 May September February 

𝑧 𝐿⁄  𝛼 × 107 [m2/s] 𝛼 × 107 [m2/s] 𝛼 × 107 [m2/s] 

 0.071 1.75 1.10 2.69 

0.086 1.52 1.10 2.83 

0.136 3.54 2.45 4.95 

0.493 64.97 25.53 69.15 

0.993 5.52 1.74 8.50 

 



  

a) May 2019 b) September 2019 

 

c) February 2020 

Figure 7. Evolution of dimensionless temperatures in different seasons (different layer diffusivities) 

 

Note that for 𝑧/𝐿 = 0.493, apparent thermal diffusivity is much higher than for water, air, and typical soil 
values; this could be a last hint that there might be an underground water stream carrying heat away from 
the ground by convection, also affecting heat conduction speeds in the nearest ground layers. 

 

3.2. Influence of seasons 

Due to the differences observed between different seasons, the results of the temperature evolution at 
different depths as a function of the season were studied, as shown in Figure 8. February was found to be 
the season in which temperatures were lower. This difference, which is more apparent in the upper layers of 
the ground, may be ascribed to the fact that the air in contact with the ground surface is colder in that month, 
as seen in the meteorological data. In addition, during winter season, the ground temperature profile is near 
its minimum values. On the other hand, higher target ground temperatures are found in May and September, 
because of higher ambient temperatures. In May, the ground is getting warmer each day, as spring 
advances towards the summer, whereas in September, before the summer ends, the ground is still relatively 
warm. In addition, as seen in the climate data presented in Figure 5, more rain intensity was found in 
February and May, leading to possibly more drenched ground layers in which water displaces air from the 
soil pores, resulting in potentially higher thermal diffusivities. From this analysis, it seems that the energy 
potentially stored at such small depths would be very influenced by ambient conditions and could be easily 
dissipated, so it would not be recommended to store energy above the water table of the ground, unless 
adequate isolation systems are provided. 

At higher depths, nevertheless, there is almost no difference between the temperature evolution in February 
and May. It seems reasonable to think that the effect of ambient temperature and the humidity caused by the 
rain stops having an influence at such depths. The difference between the behavior at such depths in 
September with respect to the other months may be ascribed to the higher temperatures reached at steady 
conditions in the ground, but a probably more reasonable explanation could be the less amount of water 
carried by the underground stream that certainly circulates near 𝑧/𝐿 = 0.493. The amount of water carried by 
this stream depends ultimately on the amount of rain, which is definitely lower towards the end of summer 
(see Figure 5), reducing the capability of the stream to cool the ground by convection. 



  

a) 𝑧 𝐿⁄ = 0.071 b) 𝑧 𝐿⁄ = 0.086 

  

c) 𝑧 𝐿⁄ = 0.136 d) 𝑧 𝐿⁄ = 0.493 

 

e) 𝑧 𝐿⁄ = 0.993 

Figure 8. Evolution of dimensionless temperatures in different seasons at different depths 

 

To summarize, wet soil tends to have a higher apparent thermal diffusivity up to a certain amount of 
moisture, allowing for faster loading and unloading curves for energy storage. Dry soil, on the other hand, 
needs more time for storing and releasing heat. This may be appreciated in the heat injection times depicted 
in Figure 5 for the drier seasons, and the higher Fourier numbers necessary to bring the soil back to its 
original temperature presented in Figure 6, which were substantially higher in September, when the soil was 
drier. Depending on the application and the required heating power, wet soil might represent an advantage 
for storing a higher amount of thermal energy and delivering it at higher speeds, thanks to the higher thermal 
diffusivity and specific heat. Isolating materials might help to keep the heat stored for longer times if seasonal 
storage is planned. Nevertheless, if heat delivery speed is not a limiting factor, dry soil should be able to 
keep heat stored during longer times, preventing its diffusion throughout the ground, without additional works 
for isolation. 

4. Conclusions 
A preliminary analysis of the feasibility of using the ground as a temporary energy accumulator has been 
performed in this work. To this end, experimental tests have been carried out with vertical buried pipes in the 



Gijón Solar Cooling Laboratory (GSCL) facility, monitoring the temperature evolution of probes placed at 
different depths. The methodology proposed in this work may be used to characterize the ground thermal 
behavior and its feasibility as a temporary energy accumulator. Particularly, the soil composition, soil 
moisture and the presence of underwater currents have been found as variables of interest influencing the 
possible design and operation of storage systems.  

Experimental measurements were represented against the dimensionless depth and the Fourier number, 
finding that depth has a significant influence in the evolution of temperatures, with differences between the 
behavior at the upper and lower layers of the ground, probably as a consequence of the water table depth. 

In the upper zone, temperature evolutions were relatively slower than in the lower zones. A very different 
behavior was observed at 𝑧/𝐿 = 0.493, where heat was dissipated at a much higher speed, hinting at a 
different physical heat transfer mechanism, such as a subterranean water stream dissipating heat by 
convection. The numerical results presented in this work must be interpreted in a qualitative way, allowing 
the comparison between different measurements, but they must not be considered as an exact 
characterization of the thermophysical properties of the soil. 

Different behaviors for the whole system were found depending on the season. An explanation may be 
provided by the different thermal conductivity values of water and air, which fill ground pores. A relationship 
between the meteorological historical data for temperature and precipitation and the behavior of the upper 
layers of the ground might be inferred with colder air leading to colder target values for the temperature and 
higher rain levels related to higher soil thermal conductivity and diffusivity values. Ambient conditions 
seemed to influence the system behavior at low depths, discouraging their use as a heat reservoir. However, 
at higher depths, ambient conditions did not show such a high influence, with practically the same behavior 
in February and May. There were, indeed, differences with September, but they are likely more related to the 
effects of a lower water mass flow at higher temperatures in the subterranean stream than the seasonal 
change in the soil conditions. Hence, heat storage at higher depths may be more reliable. Regarding soil 
moisture, wet soil might represent an advantage for storing a higher amount of thermal energy and delivering 
it at higher speeds, thanks to the higher thermal diffusivity and specific heat. Nevertheless, if heat delivery 
speed is not a limiting factor, dry soil should be able to keep heat stored during longer times. Finally, 
considering the impracticability of a total characterization of the soil characteristics, including pore geometry, 
along all the ground to be used as storage, heat loading and cutoff curves as the ones presented in this work 
may prove useful to assess the feasibility of using the ground as a temporary energy accumulator. 

Future works will focus on the development and application of accurate models for heat transfer in buried U-
vertical pipes to improve the characterization of the thermophysical properties of the ground, the study of the 
heat injection stage, and the development of more experimental tests at other ambient conditions to try to 
obtain more generalizable results. 
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Appendix A 

The classical method of dimensional analysis does not take into account the algebraic characteristics of the 

influencing variables in a physical problem. The first references to the idea of considering differences 

between spatial dimensions are attributed to Williams [22] and Huntley [23]. Later, Palacios [24] deals 

rigorously with this topic and lays the foundations of discriminated dimensional analysis (DDA). There are 

recent examples of the use of the DDA method for various applications [25,26]. Spatial discrimination 

increases the order of the dimensional basis so that, in general, spurious dimensionless groups that might 

occasionally be deduced from the classical method are eliminated. 
Using the DDA method, only the scalar variables in equation (1) have equal dimensional exponents in each 
of the three spatial directions. The dimensional formula for the thermal conductivity is derived from Fourier’s 
Law and the definition of the heat flux 𝑄: 

�⃗̇� = −�̿�⨂∇𝑇           (A.1) 

𝑄 = ∫ �⃗̇� ∙ d𝑆⃗⃗⃗⃗⃗          (A.2) 

Using cylindrical coordinates and the dimensional basis {𝐿𝑟 , 𝐿𝜑 , 𝐿𝑧 , 𝑀, 𝑇, 𝜃}  (Figure A1), the following 

equations can be written: 



 
Figure A1. Spatial discrimination for Dimensional Analysis. 
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�̇�𝑟 = 𝑘𝑟𝑟 𝜕𝑇 𝜕𝑟⁄ + 𝑘𝑟𝑧 𝜕𝑇 𝜕𝑧⁄          (A.4)  

�̇�𝑧 = 𝑘𝑧𝑟 𝜕𝑇 𝜕𝑟⁄ + 𝑘𝑧𝑧 𝜕𝑇 𝜕𝑧⁄          (A.5) 
 

where it has been assumed that the temperature has cylindrical symmetry, i.e.: 𝑇 = 𝑇(𝑟, 𝑧) ↔ 𝜕𝑇 𝜕𝜑 = 0⁄  

Therefore, the following dimensional formulae for the components of the thermal conductivity tensor are 
derived: 
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As a result, the following matrix of dimensional exponents is obtained: 

 𝑟 𝐷 𝑧 𝐿 𝜌 𝑐 𝑘𝑟𝑟 𝑘𝑟𝑧 𝑘𝑧𝑧 ∆𝑇0 𝑡 ∆𝑇 

𝐿𝑟 1 1 0 0 -1 2/3 5/3 2/3 -1/3 0 0 0 

𝐿𝜑 0 0 0 0 -1 2/3 -1/3 -1/3 -1/3 0 0 0 

𝐿𝑧 0 0 1 1 -1 2/3 -1/3 2/3 5/3 0 0 0 

𝑀 0 0 0 0 1 0 1 1 1 0 0 0 

𝑇 0 0 0 0 0 -2 -3 -3 -3 0 1 0 

𝜃 0 0 0 0 0 -1 -1 -1 -1 1 0 1 

 

As the rank of this matrix is 6, and taking 𝐷 , 𝐿 , 𝜌 , 𝑐  and ∆𝑇0  as reference variables, the following 6 
dimensionless numbers are obtained: 
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Thus, the following relationship can be written: 
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Assuming isotropy, �̿� = 𝛼𝐼 ̿would be satisfied, i.e. 𝛼𝑖𝑗 = 𝛼(𝑟, 𝑧) ∙ 𝛿𝑖𝑗, being 𝛿𝑖𝑗 the components of Kronecker 

delta tensor, and the following numerical, but not dimensional, equalities are verified: 

𝛼𝑟𝑟 = 𝛼𝑧𝑧 = 𝛼(𝑟, 𝑧)          (A.11) 

𝛼𝑟𝑧 = 0            (A.12) 

Then:  
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which can be rewritten as: 
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Experimental results can therefore be expressed in terms of 𝛼𝑡/𝐿2 and geometrical parameter ratios. 

Nomenclature 
COP Coefficient of performance 

c specific heat capacity, J/(kg·K)   

𝑑 distance from tube center to probes, m  

D tube diameter, m 

𝐹𝑜 Fourier number 

𝑘 thermal conductivity, W/(m·K) 

{𝐿}  dimension of length 

𝐿 tube length, m 

{𝑀} dimension of mass 

{𝑇}  dimension of time 

𝑇 temperature, ºC 

𝑇0 initial probe temperature, ºC 

𝑇∞ steady ground temperature, ºC 

𝑟 radial distance to tube center, m 

𝑡 time, s 

𝑧 depth, m 

Greek symbols 
𝛼 thermal diffusivity, m2/s 

𝛼𝑎 apparent thermal diffusivity, m2/s 

𝛼𝑟 relative thermal diffusivity, m2/s 

𝛼𝑤 water thermal diffusivity, m2/s 

δij component of Kronecker’s delta tensor 

𝜌  density, kg/m3 

Πx  dimensional group associated to property 𝑥 

{𝜃}  dimension of temperature 

Subscripts and superscripts 
𝑟 radial coordinate 

𝜑 angular coordinate 

𝑧 depth coordinate 
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Abstract: 
The ever-increasing electricity production from non-programmable Renewable Energy Sources (RES) requires 
flexible and sustainable solutions for energy storage. In this paper, the design, and the performance of a Low 
Temperature Adiabatic Compressed Air Energy Storage (LTA-CAES) system are presented. The design of 
this system is optimised to better utilise the energy produced by either a photovoltaic (PV) power plant and an 
onshore wind farm in order to meet the energy demand of a small town of about 10,000 inhabitants, considered 
as the case study. To ensure efficient operation of the turbomachines, the mass flow rate during both the 
charge and discharge phases was fixed, allowing most of the compressors and turbines to operate at design 
conditions. Two packed-bed Thermal Energy Storage (TES) systems are used to store the thermal energy 
produced during the compression phase: the first exchanges heat directly with the compressed air, while the 
second uses Therminol-66 as a heat transfer fluid. A mathematical model of the LTA-CAES system was 
developed using MATLAB/Simulink to simulate its performance, considering the off-design behaviour of the 
turbomachines and the TES systems over a year. The results demonstrate that the LTA-CAES system 
increases the share of the yearly energy demand covered by renewable energy, from 41.8% to 60.7% when 
coupled with the PV plant, and from 48.0% to 56.5% when coupled with the wind farm.  

Keywords: 

Adiabatic Compressed Air Energy Storage (A-CAES); LTA-CAES; Energy Storage; Renewable Energy 
Sources; Thermal Energy Storage. 

1. Introduction 
The intermittent nature of Renewable Energy Sources (RES) results in significant fluctuations in energy 
production, often not aligned with the power demand of the end-users. Balancing the production and 
consumption of electrical energy is a highly debated issue, especially as RES penetration in the grid increases. 
To address this issue, various energy storage systems were developed, including chemical, electrochemical, 
mechanical, electrical and thermal storage systems [1]. Among the energy storage technologies characterised 
by medium-high storage capacities, Compressed Air Energy Storage (CAES) systems are one of the most 
promising options, with a lower cost per kWh than batteries [2], and comparable to pumping hydro systems. 
The system works by using a compressor to convert electrical energy into compressed air, which is stored in 
a reservoir. Later on, the process can be reversed by expanding the high pressure air through a turbine, 
generating electricity. However, one of the biggest challenges in the widespread adoption of CAES technology 
is the need for suitable reservoirs to store high-pressure air. For this reason, CAES plants are a promising 
option in regions with geological formations or disused mines. In particular, the island of Sardinia presents an 
ample availability of primary energy sources like solar and wind and numerous disused mines, potentially 
suitable for the storage of compressed air. Therefore, CAES plants are a very interesting option to repurpose 
a disused mine by storing the surplus energy generated by an RES plant and enhance the energy self-
consumption of an end-user, such as small communities in the same area. 

CAES configurations can be classified as Diabatic CAES (D-CAES), which is the first to be developed, 
Adiabatic CAES (A-CAES), and Isothermal CAES (I-CAES) [3]. In D-CAES systems, electrical energy is 
utilised by the compression train to compress the air, which is stored in a suitable reservoir. The compressed 
air is subsequently heated by using fossil fuels in a combustion chamber and expanded in the turbine train, 
generating electricity. In the I-CAES configuration, both the compression and expansion processes occur at 
approximately constant temperature, allowing an increase in the efficiency of the cycle. In the A-CAES 
configuration, a Thermal Energy Storage (TES) unit is utilised to store the thermal energy recovered by cooling 
the compressed air; the stored thermal energy is subsequently used to heat the air before expansion, thus 



eliminating the need for the combustion section. As a result, an A-CAES plant is characterised by very low 
emissions, and it is well suited to be coupled with an RES power plant. Adiabatic CAES plants can operate at 
different TES temperatures and, in general, they can be divided into high-temperature (HTA-CAES) and low-
temperature (LTA-CAES) systems. As described by Wolf and Budt [4], the round-trip efficiency tends to 
increase with the maximum temperature, but high-temperature systems are limited by the availability of 
suitable components. In fact, HTA-CAES systems operate at high temperature (around 600 °C) and high 
pressure (around 70 bar), leading to significant thermal and mechanical stress on the TES equipment, while 
LTA-CAES systems operate at lower temperatures (100 – 200 °C) and at atmospheric pressure. Due to 
limitations of the current centrifugal compressor technology, temperatures in the order of 600 °C cannot be 
achieved. As a result, the use of heat exchangers is necessary to maintain lower temperatures. 

In the field of A-CAES systems, Grazzini and Milazzo [5] proposed one of the first models, characterised by a 
variable configuration system allowing for compressors and turbines to be arranged in different series and 
parallel configurations, to achieve the desired air pressure and charge time. A significant benefit of the system 
was the ability to use commercially available components. Hartmann et al. [6] investigated various 
configurations for A-CAES plants and concluded that the highest round-trip efficiencies are achieved with a 
two-stage compressor train and by reaching high temperatures in the thermal energy storage system, upwards 
of 600 °C. Wolf and Budt [4] designed an LTA-CAES system utilising multistage radial compressors and 
expanders with intermediate cooling, and storage temperatures ranging from 95 °C to 200 °C with a non-
thermocline two-tank system. The system was estimated to reach a round-trip efficiency of 52 – 60%, with a 
start-up time of less than 5 minutes. Wang et al. [7] presented the results of the first experimental setup for an 
LTA-CAES, featuring a 5-stage compressor train and a 3-stage expansion train. Heat exchangers were utilised 
to transfer heat between air and water. The thermal energy generated during the charge phase was stored in 
two water tanks, while the air compressed at 9.34 MPa was stored in two steel tanks. The round-trip efficiency 
of the system was reported to be 22.6%. Budt et al. [3] devised a techno-economical model that utilises 
reversible turbo and piston machinery to reduce the capital cost of the LTA-CAES plant, resulting in enhanced 
competitiveness. They proposed a modular design, with a 2 MWel compressor power input for each module. 
These modules can be coupled with any compressed air storage volume, whether natural (such as a cave) or 
artificial (such as tanks or pipes). In their study, Zhang et al. [8] examined an A-CAES system that employs a 
variable configuration in order to accommodate fluctuations in the production profile of a wind farm in China. 
The system consists of a 4-stage centrifugal compressor, a 4-stage radial expander and two pressure 
reservoirs (a low-pressure and a high-pressure one). The variable configuration enables the compressors and 
the expanders to operate under various modes, thus extending the operational range of the A-CAES. The 
authors reported that this system increases the wind power capacity factor from 26.29% to 71.02%. 
Arabkoohsar et al. [9] investigated the impact of part-load operation on the overall performance of an LTA-
CAES, utilising real performance maps of all system components. For optimal efficiency, the energy storage 
system must operate close to design conditions. At nominal conditions, the round-trip efficiency can reach up 
to 68% at full load, while at 50% and 10% loads, the efficiency decreases to 52% and 28%, respectively. 

The LTA-CAES configuration proposed in this work was developed with the aim of maximising the electrical 
energy utilisation between an RES power plant and a small town located in the south-west of Sardinia, a region 
with many decommissioned mining tunnels. The LTA-CAES was developed with the aim of utilising 
components already available on the market. To maximise the round-trip efficiency, the plant operation was 
studied by operating the turbomachines at mostly constant design conditions during both the charging and 
discharge phases. Moreover, differently from most LTA-CAES configurations, that typically incorporate a heat 
exchanger after each compressor to recover the thermal energy from the compressed air using a heat transfer 
fluid [10], this study proposes the use of two different TES units. In the first TES, the air stream directly 
exchanges heat with the storage material, thus eliminating the need for two heat exchangers, resulting in a 
more efficient heat transfer process. The second TES uses a thermal oil as a heat transfer fluid and therefore 
operates at low pressure. To study the operation of the LTA-CAES system integrated with RES power 
generation plants, a mathematical model was developed to simulate the performance of the system over an 
entire year. The model takes into account the off-design performance of the turbomachines, the TES units, 
and the heat exchangers. In this paper, the plant configuration, the mathematical models, the energy 
management strategy and the optimization method are described in detail. Moreover, the performance of the 
of the plant is then presented and discussed with reference to a case study.  

2. Materials and methods 
In this chapter, the configuration of the plant and the mathematical modelling of its components are presented. 
Moreover, the power demand and production profiles for the end-user and the RES power plants are 
discussed, with a description of the energy management strategy and of the optimization problem. 

2.1. System description 

The configuration of the LTA-CAES plant is presented in Fig 1. The power required by the end-user can be 
supplied either by the RES power plant, by the grid, or by the LTA-CAES plant itself. The plant operates in a 



cyclical manner, with the excess energy produced by the RES plant used to compress the air, which is later 
used by the turbine when the end-user demand exceeds the RES production. When the LTA-CAES output 
power is higher than the end-user demand, part of the electrical energy is sent to the grid. The plant includes 
three main sections: the compression section, the expansion section, and the energy storage section. In the 
compression section, the air is compressed using four centrifugal compressors. The multistage low-pressure 
compressor (LPC) and the two multistage medium-pressure compressors (MPC1 and MPC2) are driven by 
the motor M1, while the single-stage centrifugal high-pressure compressor (HPC) is driven by the motor M2. 
Two intercoolers, IC1 and IC2, are located at the outlet side of MPC1 and MPC2 respectively, to cool the air 
by using thermal oil (Therminol-66) [13]. The energy storage section includes the TES system and the 
underground Compressed Air Storage (CAS) cavern. The TES system is based on two different thermocline 
packed-bed units, which are utilised to store the thermal energy recovered by cooling the compressed air. The 
TES1 unit exchanges heat directly with the air stream while the TES2 utilises the thermal oil as heat-transfer 
fluid (HTF). The heat transfer oil is stored at low temperature (25 °C) in a dedicated tank, and operates in a 
closed loop system, flowing through the heat exchangers on the compression and expansion sides during the 
charge and discharge phases, respectively. Both TES units are filled with gravel, selected for its low cost and 
widespread availability. At the outlet of the compression train, the high-pressure air is stored in an underground 
cavern obtained from a decommissioned coal mining tunnel. The expansion section of the plant includes three 
turbines. The high-pressure turbine (HPT), the medium-pressure turbine (MPT), and the low-pressure turbine 
(LPT) are connected to the generator G1. To maintain a constant mass flow rate during the discharge phase, 
the turbine inlet pressure is regulated using three valves, V1, V2, and V3. Two heat exchangers, HX1 and 
HX2, are utilised to heat the air before expansion. The aftercoolers AC1, AC2, AC3, AC4, and AC5 are used 
to regulate the temperature in some key sections of the plant and to ensure proper operation of the downstream 
components. 

 

Figure. 1.  Functional scheme of the LTA-CAES plant. 

During the charge phase, the pressure inside the storage cavern increases, with a corresponding increase of 
the pressure ratio of the compression train, leading to off-design operating conditions. To mitigate this effect, 
the plant was designed to keep the air mass flow rate constant during the charge phase. Moreover, the LPC, 
MPC1, and MPC2 operate with a constant pressure ratio while the HPC regulates the pressure in the cavern 
by varying its rotational speed. For this reason, LPC, MPC1, and MPC2 are driven by the fixed-speed motor 
M1, while the HPC is driven by the motor M2 which can vary its rotational speed. The maximum pressure in 
the cavern is set to 100 bar, while the minimum pressure, which is strictly related to the minimum pressure 
ratio of the HPC, is set to 70 bar. During the discharge phase, the pressure at the inlet side of each turbine is 
regulated by a throttling valve. 

2.2. Mathematical model 

In the present section, the mathematical model used to simulate the LTA-CAES plant is presented. The 
mathematical models were developed on Matlab/SIMULINK by solving the mass and energy balances of all 
plant components and of the overall system for each time step (15 minutes, in this case) of the year.  



2.2.1. Compressor model 

The Casey and Robinson method [11] was utilised to estimate the design and off-design performance of the 
compressors. For each compressor, the number of stages is determined by equally dividing the enthalpy 
difference between the stages. With the Casey and Robinson method, the pressure ratio, the tip Mach number, 
the polytropic efficiency, and the non-dimensional factors were calculated for each stage of the compressor. 
The power required by each compressor, is calculated as: 

𝑃𝑐 = �̇�𝑎𝑖𝑟,𝑐ℎ  
𝛾

𝛾 − 1
𝑅𝑎𝑖𝑟𝑇𝑐,𝑖𝑛 (𝛽𝑐

𝛾−1

𝛾 𝜂𝑐 − 1) 
 (1) 

Where �̇�𝑎𝑖𝑟,𝑐ℎ is the mass flow rate of the compressor during the charge phase, 𝛾 is the specific heat ratio, 

𝑅𝑎𝑖𝑟 is the gas coefficient of air, 𝑇𝑐,𝑖𝑛 is the temperature at the inlet side of the compressor, 𝛽𝑐 is the pressure 

ratio of the compressor, and 𝜂𝑐 is the polytropic efficiency of the compressor.  

All compressors were designed imposing a maximum outlet temperature of 200 °C. The main performance 
parameters of the compressors are listed in Table 1. 

Table 1.  Main performance parameters of the compressors. 

 LPC MPC1 MPC2 HPC (design) 

Pressure ratio 4.38 3.55 3.43 1.72 
Number of stages 3 3 3 1 
Inlet pressure [bar] 1.00 4.38 35.00 53.33 
Outlet pressure [bar] 4.38 35.00 53.33 91.73 
Inlet temperature [°C] 15 35 35 35 
Outlet temperature [°C] 199.64 199.23 199.78 110.26 
Polytropic efficiency 0.85 0.86 0.86 0.81 

 

For the LPC, the inlet temperature is equal to the atmospheric temperature, set to 15 °C. For the other 
compressors, the two intercoolers are utilised to reduce the compressor inlet temperature to 35 °C. The HPC 
maps are shown in Fig 2, in terms of pressure ratio (a) and polytropic efficiency (b) as a function of the mass 
flow rate and the rotational speed. The blue circle indicates the design point, while the operational range of the 
compressor is highlighted by the double headed arrow. During the charge phase, the pressure ratio is 
controlled by varying the rotational speed. As shown by Fig 2, for a fixed mass flow rate, the compressor work 
point moves by changing the rotational speed between 70% and 110% of the design speed. The maps are 
generalized with the reference values, i.e., the design values. In Fig 2(b), can be observed that, at very low 
rotational speeds, the efficiency decreases rapidly. As a low-pressure ratio drastically reduces the efficiency, 
the minimum storage pressure was set to 70 bar.  

 
      (a)     (b) (a)  

Figure. 2.  High pressure compressor maps, with (a) generalised pressure ratio and (b) generalised 
efficiency as a function of the generalised mass flow rate for different rotational speeds.  

2.2.2. Turbine model 

The power produced by each turbine is calculated as: 

𝑃𝑡 = �̇�𝑎𝑖𝑟,𝑑𝑖𝑠  
𝛾

𝛾 − 1
𝑅𝑎𝑖𝑟𝑇𝑡,𝑖𝑛 (1 − 𝛽𝑡

𝛾−1

𝛾 
𝜂𝑡

) 
 (2) 

Where �̇�𝑎𝑖𝑟,𝑑𝑖𝑠 is the mass flow rate of the turbines, 𝑇𝑡,𝑖𝑛 is the temperature at the inlet of the turbine, 𝛽𝑡 is the 

turbine expansion ratio, and  𝜂𝑡 is the polytropic efficiency of the turbine.   



The design of the three turbines was based on [12], assuming a polytropic efficiency of 0.86 for each turbine. 
Throughout the discharge phase, as the pressure in the cavern decreases, a throttling valve located at the 
inlet side of each turbine regulates the pressure in order to maintain constancy in the mass flow rate and the 
reduced mass flow rate. The valves also account for the temperature variation caused by the thermocline 
profile of the TES units. Hence, the turbines operate in a choked flow condition throughout the entire discharge 
phase, achieving maximum efficiency.  

The throttling valve model is based on the calculation of the reduced mass flow rate �̇�𝑟𝑖𝑑 , expressed as:  

�̇�𝑟𝑖𝑑 = �̇�𝑎𝑖𝑟,𝑐ℎ

√𝑇𝑖𝑛

𝑝𝑖𝑛

 
 (3) 

Where 𝑇𝑖𝑛 and 𝑝𝑖𝑛 are the inlet temperature and pressure.  

2.2.3. Heat exchanger model   

The following equations allow to calculate the thermal power and the heat transfer area of the heat exchangers: 

�̇� = �̇�𝑎𝑖𝑟𝑐𝑝,𝑎𝑖𝑟(𝑇𝑎𝑖𝑟,𝑜𝑢𝑡 − 𝑇𝑎𝑖𝑟,𝑖𝑛)  (4) 

𝐴 =
�̇�

𝑈 Δ𝑇𝑀𝐿

 
 (5) 

Where �̇� is the exchanged thermal power, �̇�𝑎𝑖𝑟 the mass flow rate of air, 𝑇𝑎𝑖𝑟,𝑜𝑢𝑡 and 𝑇𝑎𝑖𝑟,𝑖𝑛 are the outlet and 

inlet air temperature, respectively, 𝐴 is the heat exchange area, 𝑈 is the heat transfer coefficient, and Δ𝑇𝑀𝐿 is 
the logarithmic temperature difference. 

Two intercoolers recover the heat from the MPC1 and MPC2 allowing to store the produced thermal energy 
inside the TES2. Therminol-66 was selected as the heat transfer fluid because of its maximum temperature of 
345 °C [13]. The intercoolers were designed to keep an outlet temperature of the hot fluid (air) at 35 °C assuring 
a steady inlet temperature for the compressors. Moreover, the approach temperature and the heat transfer 

coefficient were set to 10 °C, and 0.2 
𝑘𝑊

𝑚3𝐾
 , respectively [14].  

The heat exchangers on the expansion side were designed to account for fluctuations in inlet pressure and 
temperature of the air during the discharge phase. This was achieved by using the same equations and 

parameters applied to the intercoolers and considering the lowest exchangeable thermal power �̇�.  

2.2.4. Thermal Energy Storage model 

The volume of the TES tank is then calculated as:  

𝑉𝑇𝐸𝑆 =
𝑚𝑠

𝜌𝑏(1 − 𝜖)
  (6) 

Where 𝜌𝑏 is the density of the filler material, 𝜖 is the void fraction and 𝑚𝑠 is the mass of the filler material, 
calculated based on the energy balance of the TES between the charge and discharge phases. A system of 
two equations, derived from the model developed in [15], is used to describe the operation of the two thermal 
energy storage (TES) units. The temperature of solid bed (𝑇𝑏) and the heat transfer fluid (𝑇𝑓), calculated in the 

direction of the air flow, are determined with the following equations (7) and (8): 

𝜕𝑇𝑓

𝜕𝑡
+

𝐺𝛾

𝜌𝑓𝜖
 
𝜕𝑇𝑓

𝜕𝑧
=

ℎ𝑣

𝜌𝑓𝑐𝑣,𝑓𝜖
 (𝑇𝑏 − 𝑇𝑓) +

𝑘𝑓

𝜌𝑓𝑐𝑣,𝑓𝜖
 
𝜕2𝑇𝑓

𝜕𝑧2
 

 (7) 

𝜕𝑇𝑏

𝜕𝑡
=

ℎ𝑣

𝜌𝑏𝑐𝑣,𝑏(1 − 𝜖)
 (𝑇𝑓 − 𝑇𝑏) 

 (8) 

Where 𝜌𝑓  is the density of the HTF, 𝑐𝑣,𝑓  and 𝑐𝑣,𝑏  are the volumetric specific heat of the HTF and the bed, 

respectively, ℎ𝑣 is the volumetric transmission of heat through convection, G is the mass velocity, and 𝑘𝑓 is the 

thermal conductivity of the HTF. 

The mathematical model, developed to simulate the behaviour of the two TES units, allows for calculation of 
the thermocline profile along the axial length of the tank, accounting for its variation during cyclical operation 
[16]. The mass flow rate of oil during both the charge and discharge phases was calculated based on the mass 
and energy balance equations. 

2.2.5. Compressed Air Storage model 

The compressed air storage (CAS) volume is calculated by solving the following system of equations: 

{
𝑝𝑚𝑖𝑛𝑉𝑡𝑜𝑡 = 𝑚𝑚𝑖𝑛𝑅𝑎𝑖𝑟𝑇𝑠𝑡

 𝑝𝑚𝑎𝑥 𝑉𝑡𝑜𝑡 = (𝑚𝑚𝑖𝑛 + �̇�𝑎𝑖𝑟𝑡𝑐ℎ)𝑅𝑎𝑖𝑟𝑇𝑠𝑡
 

 (9) 

Where 𝑝𝑚𝑖𝑛  and 𝑝𝑚𝑎𝑥  are the minimum and maximum air pressures, respectively, 𝑉𝑡𝑜𝑡  is the total storage 
volume, 𝑚𝑚𝑖𝑛 is the mass of air in the cavern at minimum pressure, �̇�𝑎𝑖𝑟 is the mass flow rate of air, 𝑡𝑐ℎ is the 
charge time, and 𝑇𝑠𝑡  is the storage temperature inside the cavern. 



An abandoned coal mine located in Sardinia was selected as the compressed air storage reservoir. The CAS, 
characterised by a depth of about 500 m and a diameter of 5 m, is assumed to be suitable for the high-pressure 
storage of air up to 100 bar [17]. Moreover, state-of-the-art lining of the internal volume was assumed, 
minimising air leakage [17]. The temperature inside the cave is set to 35 °C by the heat exchanger AC2 and 
was assumed to be constant during idling phases between charge and discharge phases. 

In this study, a single pipe was used to transfer air from the turbomachines to the underground storage cavern 
and back, considering that the charging and discharge phases never occur simultaneously. The pipe is a 
welded steel tube, with a length of 500 m (equivalent to the distance from the surface level to the underground 
cavern) and an internal diameter of 0.3 m. For the sake of simplicity, the pressure losses (about 0.10-0.15 bar) 
were assumed to be negligible. 

2.3. Power demand and production profiles 

The LTA-CAES system was designed to better match the energy production of an RES power plant to the 
energy demand of an end-user. This section provides a comprehensive examination of the power demand 
profile of a small town, assumed as the end-user, and the energy generation from a wind farm and a 
photovoltaic plant. Subsequently, an optimisation problem is defined and solved to determine the optimal size 
of the LTA-CAES plant for maximum energy yield. 

2.3.1. End-user electrical energy demand 

The end-user in this study is assumed to be a small town with a population of about 10,000 inhabitants, for 
which the energy consumption data is available on a quarterly-hour base for a year. Residential, industrial, 
and commercial users contribute to the energy demand of the town together with the public lighting. Figure 3 
displays (a) the typical load profile of the town for both a week and weekend day and (b) the overall monthly 
energy demand. The latter is a representative profile to be expected on a regular basis, used as reference to 
understand the energy consumption patterns. From Fig 3(a), it is evident that the load fluctuates rapidly 
throughout the day, reaching a maximum of 13.7 MW. Fig 3(b) highlights the seasonal nature of the energy 
demand, where energy consumption is generally higher in winter and lower in summer, except for July and 
August, because of the increase in  energy consumption for cooling. The total annual energy demand is 64.67 
GWh, with a mean monthly demand of about 5.39 GWh, as indicated by the horizontal line in Fig 3(b). 

 
(a) (b) 

Figure. 3. (a) Load profiles for a typical week (continuous line) and weekend (dashed line) day, (b) Monthly 
energy demand for the entire year and average annual energy consumption. 

2.3.2. Wind power production 

The wind power production profile was built according to data of a real wind farm located in Sardinia. The wind 
farm is composed of 15 Vestas V80 wind turbines with a nominal power of 2 MW each, with a cut-in speed of 
4 m/s, a cut-off speed of 25 m/s and a rated wind speed of 16 m/s. The total yearly energy production is 64.70 
GWh. Figure 4 shows (a) the wind speed distribution and the wind turbine nominal power profile and (b) the 
overall monthly energy production of the wind farm. According to the wind speed distribution depicted in Fig 
4(a), the power production of the wind turbine tends to be low throughout the year, as most of the available 
wind speeds fall below the turbine's cut-in speed, or at levels resulting in low energy production. Figure 4(b) 
shows that the monthly energy production is generally higher during winter and lower during summer, with a 
trend similar to that of the end-user demand displayed in Fig 3(b).  

2.3.3. Photovoltaic power production 

The photovoltaic power plant is based on 62,272 monocrystalline Si modules, each rated at 650 Wp, with a 
conversion efficiency of 20.9% [18], for a total power of 40.5 MW. The plant was modelled using the System 
Advisor Model (SAM) [19] software and utilising data from the NREL database [20], recorded in 2019 for a site 
close to Nuraxi Figus (Sardinia, Italy). Considering the various efficiency losses, the yearly energy production 
of a 1 MWp plant is approximately 1.6 GWh, with a capacity factor of about 18%. Figure 5 shows (a) the typical 



daily power production profile during both a summer (continuous line) and a winter day (dashed line), and (b) 
the monthly energy production of the PV plant. As shown in Fig 5(a), the daily power production increases in 
the morning, reaching a maximum around 13:00, and decreases to zero in the evening. Figure 5b shows that 
the energy production is greater during the summer months, revealing a seasonal nature that is inverse to that 
of the end-user (displayed in Fig 3(b)). For this reason, a higher surplus energy is available for the LTA-CAES 
system during the summer months in comparison to winter months, as discussed in the following sections. 

 
(a) (b) 

Figure. 4. (a) Wind speed distribution and wind turbine nominal power curve, (b) Monthly energy production 
of the wind farm. 

 
(a) (b) 

Figure. 5. (a) Power production profile of the PV plant for a typical summer (continuous line) and winter 
(dashed line) day; (b) Monthly energy production of the PV plant during a year.  

2.4. Energy management strategy 

The aim of the LTA-CAES system studied is to optimise the usage of renewable energy sources for the end-
users by directly connecting the RES power plant, either photovoltaic or wind, to the end-user. Surplus RES 
energy is used to charge the LTA-CAES plant if the RES output exceeds the end-user's demand, and the air 
storage is not full. If the excess RES production cannot be stored, it is sent to the grid. On the contrary, when 
the RES power output is less than the end-user's demand, the LTA-CAES plant operates in discharge mode. 
If the total power supplied by the RES and LTA-CAES plants is still lower than the overall demand, the 
remaining power is sourced from the grid. Several constraints were introduced to manage the energy flows. 
Firstly, a limit of the maximum charge or discharge time was set to 24 hours, in order to complete a full charge 
or discharge of the cavern in a day or less; the charging and discharging processes have minimum power 
requirements to start, depending on the power required by the compressors and by the grid, respectively; 
buying/selling electrical energy to/from the grid during these processes was not permitted. Consequently, the 
charging process can only start when the available RES power is sufficient to power the compression train, 
and the discharging process can only start when the end-user's load demand is greater than the RES power 
plant production.  

Due to the fluctuating nature of power production and demand profiles, the charging and discharging processes 
may sometimes not be completed, and they can begin or end at various cavern pressure levels. Interruptions 
during the charging or discharging processes also affect the thermocline profile inside the TES tank. If the 
charging process is terminated before full capacity, the thermocline profile stops early, causing lower air 
temperatures and less power output during the subsequent discharge phase. Similarly, if the discharging 
process cannot be completed, the thermocline profile stops early, resulting in a high level of thermal energy 
retained in the TES. These two phenomena occur frequently during the cyclical operation of the LTA-CAES 
plant and reduce the performance of the TES system and of the entire plant. 



2.5. Optimisation 

The LTA-CAES plant is designed to optimise the use of the electrical energy generated by an RES power plant 
by maximising the share of renewable energy consumed by the end-user. The performance and size of the 
plant components were evaluated based on three key design variables: the air mass flow rate of the 
compressor train, the charge time, and the discharge time. These design variables influence the size of the 
compression and expansion trains, as well as the volume of the air storage reservoir and TES units. 
Furthermore, these variables affect the main energy flows, including the energy used for compression, the 
energy produced during expansion, the energy supplied to the end-user, and the energy dispatched to the grid 
[21]. The optimization problem was solved with the Genetic Algorithm (GA), included in the Matlab Optimization 
Toolbox [22]. The three design variables were calculated to maximize the total energy sent from the LTA-
CAES to the end-user, considered as the objective function. The design variables were set as integers only, 
and the optimization was carried out with a stopping condition of 20 generations without improvement on the 
best fitness function value, with default settings. 

3. Results and discussion 
As mentioned, this study examines the performance of an LTA-CAES plant designed to better match the 
energy production of an RES power plant to the energy demand of an end-user. In particular, the LTA-CAES 
design variables have been evaluated for an RES power plant based either on a PV power plant or a wind 
farm. The results are presented in Table 2.  

Table 2.  Optimal design parameters for the analysed LTA-CAES plants. 

 PV Wind 

Mass flow rate (kg/s) 24 16 
Charge time (h) 10 24 
Discharge time (h) 24 24 

 

The results of the optimisation process are used to determine the size of the LTA-CAES plant. The size of the 
plant can be characterised by the input and output power of the plant, the volume of the TES units, and the 
length of the cavern (considering a diameter of 5 m). Table 3 shows the size of the main components of the 
plant. For the system coupled with the wind farm, the entire energy storage system (TES and cavern) is 
characterised by a larger volume, thus storing more energy. For the system coupled with the PV plant, the 
optimisation process results in a higher input power and lower output power compared to the system coupled 
with the wind farm. In the case of the PV, the surplus power is high, and the power demand is low, resulting in 
a high input power and low output power for the LTA-CAES plant.  

Table 3.  Main parameters for the LTA-CAES combined with a PV or wind power plant. 

 Input power 
[MW] 

Output power 
[MW] 

TES1 volume 
[m3] 

TES2 volume 
[m3] 

Cavern length 
[m] 

PV 14.9 4.2 1005 1683 1655 
Wind 9.9 6.7 1683 2613 2647 

 

The energy balances of the system were solved with a time step of 15 minutes for one year, considering the 
power output of the two RES plants and the power demand of the end-user. The performance of the 
compression and expansion trains of the LTA-CAES plant, throughout the full charge and discharge phases, 
is illustrated in Fig 6, where the reference power, denoted as 𝑃𝑟𝑒𝑓 , represents the nominal power of the 

turbomachine. This plot shows the generalised power (the ratio between the actual power and the reference 
power) as a function of the charge level of the storage volume. During the charge and discharge phases, 
variations in pressure within the cavern and temperature within the TES systems cause variations of the 
compression and expansion power. It can be observed that the power variation is limited: the compressors 
power curve shows a steady increase of about 8.4% throughout the charge phase, while the turbine power 
production remains mostly constant, decreasing only by 2.9% at the end of the discharge phase. The 
compressor profile increase is mainly due to the increase in the HPC compression power, as shown in Fig 
6(a). The compression ratio increases from 1.31 to 1.87 during the charge phase, leading to a subsequent 
increase in the required compression power. The power curve shows a steady increase due to the relatively 
small variation in efficiency, ranging between 69% and 80%. Furthermore, most of the compression energy 
(88%) is required by the LPC, MPC1, and MPC2 that operate at design conditions, while the HPC is 
responsible for the remaining share of the total compression work. The power output of the turbines, shown in 
Fig 6(b), remains constant until it starts to drop towards the end of the discharge phase. This power reduction 
is caused by the temperature reduction at the outlet of the TES units. As the HPT and MPT operate at design 
condition, their polytropic efficiency remains constant. Similarly, the efficiency of the LPT is mostly constant 
since the variation in power of the turbines is low.  

 



 
(a) (b) 

Figure. 6. (a) Generalised total compressor power and HPC efficiency during the charge phase and (b) 
Generalised total power production of the turbine train and LPT efficiency. 

 

Figure 7 shows the key temperature profiles throughout a complete discharge phase and its evolution over 
fifty charge and discharge cycles. The temperature profile at the turbine inlet is shown in Fig 7(a) for the LPT, 
in Fig 7(b) for the MPT, and in Fig 7(c) for the HPT. The reduction in temperature towards the end of the 
discharge phase is responsible for the power reduction depicted in Fig 6(b). During the discharge phase of the 
first cycle, a substantial temperature decrease is observed. However, the minimum temperature gradually 
increases with each cycle, ultimately reaching a saturation state after about 50 cycles.  Figures 7(b) and 7(c) 
additionally show the temperature difference between the inlet and the outlet (coincident with the turbine inlet) 
of the heat exchangers. By comparing the maximum temperature in Fig 7(a) with those of Fig 7(b) and 7(c), it 
is evident that the direct TES (TES1) results in improved energy utilisation. This is due to the fact that the 
indirect heat transfer section involves two temperature drops: one for the heat exchangers of the charge 
section (IC1 and IC2) and one for the heat exchangers of the discharge section (HX1 and HX2). 

 
                         (a)                       (b)             (c) 

Figure. 7. Temperature profile during the discharge phase and its evolution over fifty full charge and discharge 
cycles at (a) the LPT inlet, (b) the MPT inlet (blue) and HX2 inlet (red), and (c) the HPT inlet (blue) and HX1 
inlet (red).  

Figure 8 represents the power production profile of the PV plant, the power demand profile of the end-user, 
and the input and output power profiles of the LTA-CAES plant, for both a typical high irradiance day (Fig 8(a)) 
and a low irradiance day (Fig 8(b)). During the daytime, when the PV power production (in blue) exceeds the 
demand (in orange) and is sufficient to drive the compressors, the excess energy is stored by the LTA-CAES 
(in yellow) for later use during the night (in purple), when the PV plant is not generating power. On a high 
irradiance day (typically during summer), the LTA-CAES plant can store enough energy during the day to meet 
the entire end-user demand during the night. In contrast, during a low irradiance day (typically during winter), 
the plant cannot fully satisfy the end-user demand.  

Figure 9 displays the power production profile of the wind power plant, the power demand profile of the end-
user, and the input and output power profiles of the LTA-CAES plant, for both a high wind speed day (Fig 9(a)) 
and low wind speed day (Fig 9(b)). Unlike the PV plant, the power production profile of the wind farm is highly 
variable, resulting in a less predictable behaviour of the LTA-CAES system. During a windy day (Fig 9(a)), the 
power generated by the wind power plant is sufficient to meet the end-user demand and fully charge the LTA-
CAES system, which stores the excess energy for later use since the energy produced by the RES power 
plant is enough to cover the energy demand of the end-user. In contrast, during a low wind speed day (Fig 
9(b)), the power production is lower, making it difficult for the LTA-CAES system to satisfy the end-user 
demand. The energy stored inside the CAES is enough to cover only a part of the demand of the end-user (in 



purple). Unlike in the case of the PV plant, when the LTA-CAES is coupled with the wind power plant, the 
charge and discharge phase are not dependent on the time of day, since the wind power plant can generate 
energy throughout the day and night. 

 
                             (a) (b) 

Figure. 8. Main power flows of the LTA-CAES plant for a high irradiance day (a) and a low irradiance day (b), 
when combined with a PV power plant. 

 

 
                         (a)        (b) 

Figure. 9. Main power flows of the LTA-CAES plant for a high wind speed day (a) and a low wind speed day 
(b), when combined with a wind power plant. 

Based on the power production and demand profiles, the mathematical simulation of the system allows 
evaluation of the operation of the LTA-CAES plant throughout the year. Figure 10, where the level of charge 
in the cavern is shown for the entire year, illustrates that the charging and discharging processes are frequently 
interrupted and rely heavily on power availability and demand throughout the day. As demonstrated in Fig 
10(a), during the summer, the PV plant generates more energy than the end-user requires, resulting in surplus 
power that allows the LTA-CAES plant to charge more frequently. Conversely, during the winter, the PV plant's 
energy production is insufficient, and the LTA-CAES plant must compensate for the deficit. The trend is almost 
reversed for the wind plant in Fig 10(b), where production is greater during the winter. 

Figure 11 shows the yearly energy balance of the system, where the yearly energy demand of the users 
amounts to 64.6 GWh. When coupled with the PV plant, the LTA-CAES system can supply a total of 39.2 GWh 
to the end-users (60.7% of the yearly energy demand). In particular, 41.8% of the total energy demand is 
directly provided by the PV plant and 18.9% by the LTA-CAES system, while the remaining 39.3% is covered 
by the grid. When coupled with the wind farm, the LTA-CAES is capable of supplying a total of 36.7 GWh of 
energy to the end-user (56.5% of the yearly energy demand). In this case, 48.0% of the energy demand is 
provided by the wind farm and the 8.4% by the LTA-CAES system, while the remaining 43.6% by the grid. The 
total energy produced by the LTA-CAES is 13.5 GWh and 8.0 GWh when coupled with the PV and the wind 
farm, respectively. The share of energy produced by the LTA-CAES and sent directly to the users is 90.6% 
and 68.2% for the plant coupled with the PV and the wind farm respectively, while the remaining produced 
energy is sent to the grid. The amount of energy produced and sent directly to the grid is higher for the system 
coupled with the wind farm, because the output power of the system is higher than the end-user power 
demand. The round-trip efficiency is about 67% for both plants. For the LTA-CAES coupled with the PV, the 
total charge time is equal to 1,388 h/year and the total discharge time is 3,328 h/year. For the LTA-CAES 



coupled with the wind farm, the total charge and discharge time is 1,235 h/year. The total energy production 
of the LTA-CAES system coupled with the PV plant exceeds that of the system coupled with the wind farm by 
8%. Hence, coupling the LTA-CAES system with the PV plant appears to be the optimal choice in terms of 
energy efficiency. Furthermore, the system coupled with the PV plant has a higher share of energy produced 
by the LTA-CAES and sent directly to the end-users compared to the system coupled with the wind farm. This 
suggests that the former configuration enables a greater degree of energy self-sufficiency for the end-user. 

  
 (a) (b) 

Figure. 10. Yearly charge level of the cave coupling the CAES system with a) PV or b) wind farm. 

 

Figure. 11. Energy production from the LTA-CAES plant, coupled with a wind or a PV power plant, compared 
to the total annual energy demand of the end-user. 

 

4. Conclusions 
This paper proposed an LTA-CAES configuration for efficient utilisation of the electrical energy between an 
RES power plant and a small town in Sardinia. The plant configuration utilised readily available components 
in order to minimise costs and ensure efficient operation of the turbomachines during both charging and 
discharge phases. This was achieved by fixing the mass flow rate of air, allowing most of the compressors and 
turbines to operate at constant speed and at design conditions. The plant features two TES units to store the 
thermal energy while maintaining a low operative pressure inside the tanks. A dedicated circuit for the heat 
transfer oil is utilised in combination with heat exchangers to guarantee optimal working conditions for the 
turbomachines. To account for pressure and temperature variations during discharging, a throttling valve is 
located at the inlet side of each turbine. Mathematical models were developed to correctly size the plant and 
to simulate its operation under different conditions, accounting for off-design performance of the various 
components, i.e., the turbomachines, the TES units, and the heat exchangers.  

Simulation results demonstrated the effectiveness of the proposed integrated LTA-CAES plant in managing 
energy production and consumption over the course of a year, when coupled with wind or photovoltaic power 
plants. With a wind power plant, a larger share of energy can be directly supplied to the end-user compared 
to the PV power plant. However, the LTA-CAES system coupled with the PV plant yields a higher total energy 
production. In fact, the results show that the LTA-CAES system increases the share of renewable energy 
supplied to the end-user from 41.8% to 60.7% when coupled with the PV plant, and from 48.0% to 56.5% when 
coupled with the wind farm.  

Overall, the system was shown to be a viable low-emission energy management solution for a small community 
of about 10,000 people on the island of Sardinia. To increase the performance of the system, an integration of 



the PV and wind power plants will help to determine the optimal RES plant configuration to be coupled with an 
LTA-CAES plant. Moreover, the development of a techno-economic analysis of the components of the plant 
will allow determination of the overall cost of the system. 
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Nomenclature 
𝐴 heat exchangers area, m2 

𝑐 specific heat capacity, J/(kgK) 

𝐺 mass velocity, kg/(m2s) 

ℎ volumetric heat transfer coefficient, W/(m3K) 

𝑘 thermal conductivity, W/(mK) 

𝑚 mass, kg 

�̇�  mass flow rate, kg/s 

𝑛 rotational speed, rpm 

𝑝 pressure, bar 

�̇� exchanged thermal power, W 

𝑅 gas coefficient, J/(kg K) 

𝑡 time, s 

𝑇 temperature, K 

𝑈 heat transfer coefficient, W/(m3 K) 

𝑉 storage volume, m3 

𝑧 axial position, m 

Greek symbols 

𝛽 pressure ratio 

𝛾 specific heat capacity ratio 

 

𝜖 bed void fraction 

𝜂 polytropic efficiency  

𝜌 density, kg/m3 

Subscripts and superscripts 
𝑏 bed 

𝑐 compressor 

𝑐ℎ charge phase 

𝑑𝑖𝑠  discharge phase 

𝑓 fluid 

𝑖𝑛 inlet 

𝑚𝑎𝑥  maximum 

𝑚𝑖𝑛  minimum 

𝑀𝐿 medium logarithmic  

𝑜𝑢𝑡 outlet 

𝑝 pressure 

𝑟𝑒𝑓  reference 

𝑟𝑖𝑑   reduced 

𝑡 turbine 

𝑣 volume 

References 
[1] Ould Amrouche S, Rekioua D, Rekioua T, Bacha S. Overview of energy storage in renewable energy 

systems. Int J Hydrog Energy. 2016 Dec;41(45):20914–27. 

[2] Kousksou T, Bruel P, Jamil A, El Rhafiki T, Zeraouli Y. Energy storage: Applications and challenges. Solar 
Energy Materials and Solar Cells. 2014 Jan;120:59–80. 

[3] Budt M, Wolf D, Span R, Yan J. A review on compressed air energy storage: Basic principles, past 
milestones and recent developments. Appl Energy. 2016 May;170:250–68.  

[4] Wolf D, Budt M. LTA-CAES – A low-temperature approach to Adiabatic Compressed Air Energy Storage. 
Appl Energy. 2014 Jul;125:158–64. 

[5] Grazzini G, Milazzo A. Thermodynamic analysis of CAES/TES systems for renewable energy plants. 
Renew Energy. 2008 Sep;33(9):1998–2006. 

[6] Hartmann N, Vöhringer O, Kruck C, Eltrop L. Simulation and analysis of different adiabatic Compressed 
Air Energy Storage plant configurations. Appl Energy. 2012 May;93:541–8.  

[7] Wang S, Zhang X, Yang L, Zhou Y, Wang J. Experimental study of compressed air energy storage system 
with thermal energy storage. Energy. 2016 May;103:182–91. 

[8] Zhang Y, Xu Y, Zhou X, Guo H, Zhang X, Chen H. Compressed air energy storage system with variable 
configuration for accommodating large-amplitude wind power fluctuation. Appl Energy. 2019 
Apr;239:957–68. 

[9] Arabkoohsar A, Rahrabi HR, Alsagri AS, Alrobaian AA. Impact of Off-design operation on the 
effectiveness of a low-temperature compressed air energy storage system. Energy. 2020 Apr 15;197. 

[10] Tola V, Marcello FC, Cocco D, Cau G. Performance Assessment of Low-Temperature A-CAES (Adiabatic 
Compressed Air Energy Storage) Plants. Journal of Thermal Science. 2022 Sep 20;31(5):1279–92.  

[11] Casey M, Robinson C. A Method to Estimate the Performance Map of a Centrifugal Compressor Stage. 
J Turbomach. 2012 Nov 8;135(2).  



[12] Balje´ OE. A Study on Design Criteria and Matching of Turbomachines: Part A—Similarity Relations and 
Design Criteria of Turbines. Journal of Engineering for Power. 1962 Jan 1;84(1):83–102.  

[13] Therminol-66 - Available online:<https://www.therminol.com/product/71093438> [accessed 14.3.2023]. 

[14] R. K. Sinnott. Chemical Engineering Design. Vol. 6. Pergamon Press; 1996.  

[15] Cascetta M, Serra F, Cau G, Puddu P. Comparison between experimental and numerical results of a 
packed-bed thermal energy storage system in continuous operation. In: Energy Procedia. Elsevier Ltd; 
2018. p. 234–41.  

[16] Cascetta M, Cau G, Puddu P, Serra F. Numerical investigation of a packed bed thermal energy storage 
system with different heat transfer fluids. In: Energy Procedia. Elsevier Ltd; 2014. p. 598–607.  

[17] Okuno T, Wakabayashi N, Niimi K, Kurihara Y, Iwano M. Advanced natural gas storage system and 
verification tests of lined rock cavern-ANGAS project in Japan. International Journal of the JCRM. 
2009;5(2):95–102.  

[18] Vertex DE21 - Available online:<https://www.trinasolar.com/it/product/VERTEX-DE21> [accessed 
15.3.2023]. 

[19] System Advisor Model Version 2022.11.21 (SAM 2022.11.21). National Renewable Energy Laboratory. 
Golden, CO. 

[20] NSRB. National Solar Radiation Database. – Available at:<https://nsrdb.nrel.gov/data-viewer> [accessed 
15.3.2023].  

[21] Cocco D, Licheri F, Micheletto D, Tola V. ACAES systems to enhance the self-consumption rate of 
renewable electricity in sustainable energy communities. J Phys Conf Ser. 2022 Dec 1;2385(1):012025.  

[22] Optimization Toolbox version: 9.4 (R2022b), Natick, Massachusetts: The MathWorks Inc.; 2022. 

 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

Thermo-economic optimization of a Carnot 
Battery under transient conditions 

Márcio Santosa, Jorge Andréb, Ricardo Mendesc and José B. Ribeirod 

a University of Coimbra, ADAI-LAETA, Coimbra, Portugal, marcio.santos@dem.uc.pt, 
b University of Coimbra, ADAI-LAETA, Coimbra, Portugal, jorge.andre@dem.uc.pt, 

c University of Coimbra, ADAI-LAETA, Coimbra, Portugal, ricardo.mendes@dem.uc.pt, 
d University of Coimbra, ADAI-LAETA, Coimbra, Portugal, jose.baranda@dem.uc.pt 

Abstract: 

With the efforts to decarbonize the energy sector comes a growing demand of electricity, most of which is to 
be supplied by renewable generation in a carbon-neutral future. To balance the variability inherent to most 
renewable energy sources, some form of energy storage is required. In this work, a short review of current 
systems is made with a particular focus on Carnot Batteries, whose operating characteristics, long life and low 
environmental footprint make them competitive for daily energy storage. A transient model was developed to 
simulate the full operation of a Carnot Battery composed of a Vapour Compression Heat Pump and Organic 
Rankine Cycles in conjunction with sensible thermal storage. The key performance parameters were identified, 
and a Pareto optimization was carried out by balancing costs and performance across 25 configurations of 
storage temperature spread and heat exchanger pinch point. It was concluded that the wider storage spreads 
and higher pinch points lead to lower costs as they decrease the size of the water tank and the heat 
exchangers, and to lower efficiencies as unfavourable temperature gradients are created for the heat pump 
and heat engine. A Pareto front was identified, consisting of 10 configurations that were able to either optimize 
one criterion, or balance of two or more criteria, and conclusions were drawn as to the applicability of each 
configuration. 

Keywords: 

Carnot Battery, Thermal Energy Storage, Electric Energy Storage, Heat Pump, Organic Rankine Cycle 

1. Introduction 
According to the IPCC (Intergovernmental Panel for Climate Change), human-induced warming has already 
reached approximately 1ºC, in 2017. If all human emissions were to be immediately reduced to zero, it’s 
estimated that the total rise in temperature in the time scale of a century would fall under 1.5ºC, in relation to 
pre-industrial levels. The Paris Agreement has set a goal to limit this global temperature rise to 2ºC, and 
preferably to keep it under 1.5ºC, as this would substantially reduce the effects of climate change in relation to 
a future in which no action is taken. 

According to the RNC2050 (Roteiro para a Neutralidade Carbónica – Roadmap for Carbon Neutrality), a long-
term plan for achieving net-zero emissions by 2050, the biggest drivers for decarbonization of the energy 
sector are the use of renewables, increased energy efficiency (which translates into reduced demand from 
sources), electrification, and new energy vectors such as hydrogen and other synthetic fuels. It states also that 
the inherent variability of most widespread renewable sources (namely wind and solar PV) creates problems 
of dispatchability and energy security. The document states that strong grid interconnection with the European 
Union, smart energy management, and increased usage of Energy Storage Systems (ESS) are key to solving 
these issues. This notion is supported by the scientific community, as current papers highlight the necessity 
for energy storage, often in conjunction with an interconnected and smart grid, to effectively manage the supply 
variability (on many time scales) resulting from large-scale renewable integration. 

1.1. The Challenges of decarbonization in terms of energy storage 

The need for inertia in our energy systems is clear – to mitigate variability in supply. However, while most 
issues caused by integration of Variable Renewable Energy (VRE) sources fall into this category, the features 
that characterize each problem vary in terms of power requirement, storage duration, discharge time, response 
time, and other technical characteristics. 

The load Shifting and Seasonal Storage is the most important application of energy storage in the context of 
decarbonization. Because of the largely uncontrollable nature of VREs, supply of electric energy will rarely 



match demand, so, in these cases, we often require storage systems to shift the supply to more favourable 
periods of time, to satisfy demand and prevent curtailing.  

The needed storage duration will vary depending on the characteristics of the generation source, but it should 
fit roughly in the time scale of its natural variation; this can range from a few hours – the case for solar variation 
[1] – to days, weeks or even months – the typical long-term variation in wind speeds [2], [1]. 

Power requirements must also match the generation source, in the order of 10-100 MW for grid scale 
applications, with lower values for localized/consumer-scale situations. Maximum response times must be in 
the scale of minutes, and the capacity should be sufficient to absorb excess power and satisfy demand. For 
large scale applications with seasonal storage, it may reach values in the order of 100-1000 MWh [2]. At a 
very small-time scale, fluctuations in supply and demand can affect the properties of electric currents, such as 
voltage and frequency [2]. To maintain the power quality of the supplied energy, storage systems are often 
used. For these applications, storage duration and capacity may be limited, however, power and response 
time are critical parameters, as power (in the order of kW to several MW, depending on the scale of 
consumption) is to be processed almost instantaneously, in the order of milliseconds. 

The Transmission and Distribution Management is extremely important. With increasing loads being placed 
on electric grids, bottlenecks may appear in periods of peak consumption. Alongside other measures, such as 
economic incentives for shifting consumption, storage systems may be used to absorb excess loads and delay 
costly investments into power grids. The storage duration required should fit the variations in demand (several 
hours). Power and capacity requirements depend on the scale of the application but are like those of grid-
scale load-shifting. Response times of up to a few minutes should be sufficient. 

Another major feature of ESS is the Backup Power. At the consumer scale, energy storage may be desired to 
maintain an uninterrupted power supply in case of an outage. In this case, power requirements should match 
the consumption load (from a few kW to tens of MW), and storage capacity and duration should match the 
expected outage period (usually up to a few hours, with enough capacity to satisfy power requirements over 
this period – up to the order of 10 MWh). Response time is a critical parameter as the grid power must be 
replaced immediately – a response in the order of milliseconds is ideal. 

Lastly, to effectively replace fossil fuels in the transportation industry, the storage medium to be used must 
have high specific energies and energy densities, along with a quick response time. Power-To-Fuel 
technologies that produce fuels compatible with current fossil-based systems are a good solution for this sector 
[1]. 

1.2. Classification of Existing Technologies 

Energy may be stored in various forms, the most common being chemical potential, magnetic fields, electric 
fields, pressurized gas, gravitational potential, thermal energy, and synthetic fuels, as showed in Table 1 [1], 
[2]. In the literature, the classification of storage systems varies slightly from author to author, as the 
mechanisms employed by storage systems, as well as the perspectives from which we classify them, are 
diverse. 

Table 1.  Classifications of ESS 

Stored Energy Storage Mechanism Examples 

Electric Electric and magnetic fields Supercapacitors, SMES 

Electrochemical Reversible chemical reactions Conventional Batteries, Flow Batteries, High-
Temperature Batteries, Metal-Air Batteries 

Mechanical Gas pressure, gravitational potential, 
kinetic energy 

CAES, PHS, Flywheel 

Thermal Heat capacity of a material, latent heat of 
phase change, endothermal and 
exothermal reactions 

TES (Sensible, Latent, Thermochemical) 

Chemical Production of synthetic fuels   P2G, P2L 

 

Pumped Hydro Storage (PHS), exploits the change in elevation between reservoirs of water in order to store 
energy in the form of gravitational potential. In charge mode, water is moved to a high elevation, increasing its 
potential energy, and in discharge mode this energy is converted into kinetic energy as the water flows back 
to the lower reservoir, passing through a turbine which generates electricity. PHS has a good degree of maturity 
and commercial exploitation [1], [3], and is suitable for high power and high energy applications. It has low 
energy costs and a relatively high efficiency; however, it comes with the downsides of high environmental 
impact, and geographical restrictions. Additionally, this technology is becoming increasingly difficult to exploit, 
as in most developed countries the potential for new installations is nearly exhausted [3], [4]. 

Compressed Air Energy Storage (CAES) is a system which stores energy in the form of gas pressure. In the 
charging process, air is compressed and sent into an underground reservoir, and in the discharge process this 
pressurized air is expanded in a gas turbine to generate electricity. These systems benefit from a very low 



environmental impact (if fossil fuel use is avoided), and excellent power and storage capacities. However, they 
suffer from geographical limitations, as they most often require an underground cavern for storage. 

Electrochemical batteries store energy in the form of a reversible chemical reaction – in the discharge process, 
a redox reaction generates an electric current between the two electrodes. For charging, the reaction is 
reversed, absorbing electric current. Due to the speed of the reactions, the response time of these batteries is 
nearly instantaneous, making them adequate for applications requiring some agility, such as power quality and 
managing quick changes in renewable generation; however, this kind of battery generally suffers from 
environmental issues, high costs, and limited cycle life. In the realm of conventional batteries, the most 
commonly used are lead-acid, lithium-ion, nickel-cadmium and nickel-metal hydride. Other less common types 
of batteries are flow batteries and high-temperature batteries. 

Other types include: Flywheel Energy Storage, that is one of the simplest forms of storage where storage takes 
the form of kinetic energy of a rotating mass; Supercapacitors that are an upgrade of regular capacitors, which 
store energy by accumulation of positive and negative charges on either side of a dielectric; and 
Superconducting Magnetic Energy Storage (SMES) systems that store energy in the form of a magnetic field, 
induced by a dynamic electric field passed through a coil.  

Finally, Thermal Energy Storage systems store energy in the heat capacity of a solid or liquid material (Sensible 
Heat Storage), the latent heat of a phase change (Latent Heat Storage) or in a reversible thermochemical 
reaction (Thermochemical Storage). These systems can also vary by the method through which the storage 
medium is charged. Concentrated Solar Power (CSP) plants, if coupled with thermal storage, use solar 
radiation to heat a storage medium, which can then discharge to a heat engine for electricity production [13]. 
Another possibility is Wind-powered Thermal Energy System (WTES), in which wind power is converted 
directly to heat, which is stored in a TES and later used to power a heat engine [13]. The thermal storage may 
also be charged using electricity, in which case the whole system may be designated a Carnot Battery, and if 
a heat pump is used to charge the system it is designated a Pumped Thermal Electricity Storage (PTES), so 
long as the heat is used to produce electricity in the discharge phase. The Carnot Battery presents several 
advantages that make it competitive with other forms of ESS, mainly in terms of environmental impact, flexibility 
and efficiency, and so it will be the focus of this work. 

2. Carnot Batteries 
Carnot Batteries work by establishing a thermal gradient between a high temperature (HT) reservoir and a low 
temperature (LT) reservoir. Electric energy is used to charge the system by forcing heat flow against the natural 
gradient, thus storing thermal exergy. In the discharge phase, the heat flows from the hot environment to the 
cold one, and this flow is used to produce work in a heat engine. According to O. Dumont et al. [3], a Carnot 
Battery (CB) is defined as an EES technology where there is always an electric input, and an electric output. 
A thermal input may be used to improve the performance of the CB; however, its primary purpose remains the 
storage of electric energy. Similarly, the battery may output useful thermal energy, but the electric output must 
be comparable with the electric input. In practice, the reservoirs may be physical ones, such as water tanks or 
solid materials, or their role may be taken up by the environment (for example, the ambient air). Similarly, 
electric heat pumps or resistance heaters may be used for charging, and any heat engine (Rankine, Brayton, 
others) or even a thermoelectric generator may be used for discharging. 

Carnot Batteries offer roundtrip efficiencies (𝜀𝑟𝑡) in a wide range depending on their boundary conditions [3], 
[5–7], low energy costs [1][3], and high lifetimes [1][3]. These systems are mostly competitive for electricity 
storage on the scale of several hours, in situations that demand low Power/Capacity ratios, with values of 1 
kW /4 kWh and lower. They have a very low environmental impact, and no dependence on geographical 
conditions [1], making them a suitable competitor to PHS and CAES, whose geographical constraints pose a 
considerable limit to their exploitability on a large scale. For local, small-scale implementations, Carnot 
Batteries may also present an adequate replacement for chemical batteries, which are often expensive and 
environmentally unsafe. Additionally, an important advantage of Carnot Batteries is the ability to integrate 
additional thermal reservoirs (such as industrial waste heat), which act as additional exergy sources [3]. This 
thermal integration increases the 𝜀𝑟𝑡  of the system, potentially to values greater than unity (>100%), by 
decreasing the work input or increasing the work output. In Table 2 a brief summary is given of the technical 
characteristics of some different Carnot battery technologies.  

Table 2.  Technical summary of Carnot Battery technologies (adapted from [3]). 

Cycle Brayton Cycle Electrical heater and 
Rankine Cycle 

Heat Pump and Rankine 
Cycle 

Power [MW] Up to 100 Up to 100 Up to 10* 

Energy [MWh] Up to 400 Up to 400 Up to 40* 

Temp [°C] [-70:1000] Up to 750 Up to 150 

Compactness [kW/m3] 25 ~4 [0.05–1.72] 



Compactness [kWh/m3] 200 ~36 [0.2–207] 

Self-discharge medium Very low [30–73] 

𝜀𝑟𝑡 [%] [60-70] [12-55] [70-150]** 

Price [$/kW] [395-875] ~376 [272–468] 

Price [$/kWh] [55–198] ~94 [68–117] 

Estimated TRL 5 9 7 

Typical fluids Argon, Air Water R1233zd(E), CO2, NH3, 
water 

* Possible to extend by association in series ** Thermally integrated 

If a heat pump is used to charge the thermal storage, the system is designated Pumped Thermal Electrical 
Storage. These systems may use Brayton heat pumps (HP) with Brayton heat engines (HE), Vapour 
Compression Heat Pumps (VCHP) in conjunction with Rankine Cycles (RC), or Brayton heat pumps with 
Rankine Cycles [4]. The presence of a heat pump for the charge cycle is advantageous if the Coefficient of 
Performance (COP) is higher than one, as the roundtrip efficiency of a PTES is generally the product of the 
COP with the HE efficiency (if thermal storage efficiency is not considered). The use of a heat pump brings 
advantages in terms of thermal integration, as it can increase the performance of the heat pump and/or the 
heat engine. This thermal integration allows an increase in efficiency without complex modifications to the 
thermodynamic cycles and makes the PTES more flexible, as it may now receive two inputs (electric and 
thermal) instead of just one – in this sense, Thermally Integrated PTES (TI-PTES) may be seen as a hybrid 
energy storage and waste heat power plant. 

Brayton PTES is usually comprised of a Brayton heat pump, based on the inverse Brayton cycle, and a Brayton 
heat engine, typically working between two sensible reservoirs [3]. The typical layout contains two thermal 
reservoirs and four machines (two compressors and two expanders), however in a reversible system this 
number could reduce to two. In a Brayton cycle, the working gas is compressed, heated and expanded, and 
then cooled before the next compression. As the work produced by expansion is greater than the work used 
in compression, the expander drives the compressor with a net positive work output (as with any heat engine, 
the driving force is a temperature gradient between the two reservoirs) – this is the cycle followed in the 
discharge process. For charging, the inverse process occurs – the gas is heated and compressed, drawing 
heat from the LT reservoir, and then cooled, storing heat in the HT reservoir, followed by expansion [3]. 

HP/RC systems combine Vapour Compression Heat Pumps with Rankine Cycles, where the VCHP charges 
the reservoirs with thermal exergy, and the Rankine Cycle produces work by harnessing the temperature 
difference between HT and LT reservoirs. By comparison with Brayton systems, Rankine-based PTES offers 
the advantages of high energy density and low temperature operation – these features allow for more compact 
storage, lower self-discharge, and potentially more efficient integration of waste heat. One of the advantages 
of HP/ORC systems is the use of commercially available equipment (pumps, compressors, expanders, heat 
exchangers, valves), which facilitates their construction [3], [4], [8]. The schematic configuration for HP and 
ORC systems and the corresponding T-s diagrams are shown in Figure 1. 

 

Figure. 1.  Heat pump and ORC schematic diagrams (a) and T-s diagrams (b) [9] 

3. Thermodynamic modelling 
For the study of Carnot Battery systems, the HP/ORC architecture was chosen due to its simplicity and 
practical feasibility, as well as its low temperatures that facilitate thermal integration; this is also one of the 
most widely studied types of Carnot Battery, so reference values are readily available. 

To study the performance of HP/ORC PTES, each thermodynamic cycle was modelled in MATLAB, with resort 
to the REFPROP database to calculate fluid properties. Following that, a transient model was developed to 
simulate the behaviour of a TES coupled to each cycle. 



The effectiveness of the Carnot battery process is evaluated through the roundtrip efficiency. The value of this 
variable is affected by the behaviours of the two sub-cycles of vapor compression heat pump (COP) and the 
organic Rankine cycle (η), and is expressed by: 

ε𝑟𝑡 = COP × η, (1) 

 

Figure. 2.  Schematic representation of the Carnot battery with a simple VCHP, the sensible thermal energy 
storage and the simple ORC 

3.1. Vapor Compression Heat Pump (VCHP) 

The standard VCHP cycle is shown in Figure 3 In this cycle, almost all processes involve changes in enthalpy 
in which case, by definition, heat and/or mechanical work (associated with pressure and volume changes) are 
being exchanged, neglecting changes in kinetic and potential energy of the fluid. 

From points 1 to 2, the enthalpy of the vapour is increased through compression, and the specific work 
performed on the system is equal to the enthalpy variation: 

�̇�𝑐 = �̇�𝑓(ℎ2 − ℎ1), (2) 

Between 2 and 3, the fluid cools and condenses in a condenser, releasing heat into the HT reservoir at the 
condensation temperature: 

�̇�𝑐𝑑 = �̇�𝑓(ℎ2 − ℎ3), (3) 

Between 3 and 4, the liquid is expanded into the two-phase region. If this happens in a throttling valve, the 
process is isenthalpic as heat exchanges can be neglected, and no work is performed on the surroundings. 
This process is highly irreversible, so it can never be isentropic. 

ℎ3 = ℎ4, (4) 

Finally, the two-phase mixture receives energy in the evaporator and the fluid returns to a gas state, removing 
heat from the LT reservoir at the evaporation temperature: 

�̇�𝑒𝑣 = �̇�𝑓(ℎ1 − ℎ4), (5) 

The COP of the heat pump in heating mode is given by the ratio between the heat released from the condenser 
and the energy consumed in compression. This value is generally greater than unity. 

𝐶𝑂𝑃 =
�̇�𝑐𝑑

�̇�𝑐
 (6) 

In reality, compression may be non-isentropic and there may be superheating of the vapour at point 1, as well 
as subcooling of the liquid at point 3, in which case the cycle is as shown in Figure 3.2. When the compression 
process is non-isentropic, which is the case with all real compression processes, the specific entropy of the 
fluid increases from 1 to 2 – this translates into higher compression work for the non-isentropic process. The 
isentropic efficiency of a compressor 𝜂𝑠,𝑐 can thus be defined as the ratio between the specific work of the 

compressor in the isentropic scenario and that of the real scenario: 

𝜂𝑠,𝑐 =
𝑤𝑐,𝑠

𝑤𝑐
=

(ℎ2,𝑠−ℎ1)

(ℎ2−ℎ1)
 (7) 

3.2. Organic Rankine Cycle (ORC) 

In the ORC, all processes involve enthalpy changes, as heat and/or mechanical work are exchanged at every 
step. Between 1 and 2, the vapour is expanded, generating mechanical work – the enthalpy variation is equal 
to the specific work produced by expansion: 



�̇�𝑒𝑥𝑝 = �̇�𝑓(ℎ1 − ℎ2), (8) 

From 2 to 3, the working fluid is condensed, rejecting heat to the LT reservoir: 

�̇�𝑐𝑑 = �̇�𝑓(ℎ2 − ℎ3), (9) 

Subsequently, the liquid is pumped to the high-pressure level. The enthalpy variation is equal to the specific 
work performed by the pump; however, this value is very low as the entire process happens in the liquid phase. 

�̇�𝑝𝑢𝑚𝑝 = �̇�𝑓(ℎ4 − ℎ3), (10) 

Finally, the pressurized liquid is heated and vaporized in the evaporator, drawing heat from the HT reservoir 
and returning to the state of point 1. 

�̇�𝑒𝑣 = �̇�𝑓(ℎ1 − ℎ4), (11) 

The efficiency of the ORC is given by the ratio between the net energy output, and the heat input at the 
evaporator: 

𝜂 =
�̇�𝑒𝑥𝑝−�̇�𝑝𝑢𝑚𝑝

�̇�𝑒𝑣
, (12) 

As with the vapor compression cycle, the real Rankine cycle involves irreversibilities, some of the most 
significant being the non-isentropic behavior of the expander and the pump. The isentropic efficiencies of these 
machines are defined the same way as with the compressor – a ratio between an ideal and a non-ideal amount 
of work between two states: 

𝜂𝑠,𝑒𝑥𝑝 =
�̇�𝑒𝑥𝑝

�̇�𝑒𝑥𝑝,𝑠
=

(ℎ1−ℎ2,𝑠)

(ℎ1−ℎ2,𝑠)
, (13) 

𝜂𝑠,𝑝𝑢𝑚𝑝 =
�̇�𝑝𝑢𝑚𝑝,𝑠

�̇�𝑝𝑢𝑚𝑝
=

(ℎ4,𝑠−ℎ3)

(ℎ4−ℎ3)
, (14) 

3.3. Storage Simulation  

The TES may use a Sensible Heat Material (SHM), or a Phase Change Material (PCM). PCMs are more 
energy dense and work well with isothermal processes, however they’re often costlier than SHMs [3]. For each 
case the choice of storage material should be based on several technical, economic, and environmental 
criteria, a process which is largely outside the scope of this work. Water was chosen as a SHM in the present 
case, as it presents a high specific heat capacity, low costs and no environmental concerns.  

The thermal loss coefficient for the water tank is calculated by the inverse of the sum of a series of thermal 
resistances corresponding to the thermal barriers that were considered - conduction through a layer of steel 
and a layer of insulation material, and a convective resistance on the outside of the tank. 

𝑈𝑠𝑡𝑜𝑟𝑎𝑔𝑒 = (𝑅𝑐𝑜𝑛𝑑,𝑠𝑡𝑒𝑒𝑙 + 𝑅𝑐𝑜𝑛𝑑,𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛 + 𝑅𝑐𝑜𝑛𝑣)
−1

 , (15) 

The rate of heat loss from the storage to the environment �̇� is determined from the following equation: 

�̇� = 𝑈 ∙ 𝐴 ∙ ∆𝑇 , (16) 

After the thermodynamic cycles have converged, the energy balance is calculated for the current time step (t) 
based in the heat transfer rates of charge, discharge and loss to the environment: 

𝐸𝑡 = 𝐸𝑡−1 − (�̇�𝑙𝑜𝑠𝑠 × ∆𝑡) + (�̇�𝑐ℎ𝑎𝑟𝑔𝑒 × ∆𝑡) − (�̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 × ∆𝑡), (17) 

The updated temperature of the water is obtained, using the equation 

𝑇𝑡 =
𝐸𝑡

𝑚∙𝑐𝑝
 , (17) 

3.4. Dynamic MATLAB model 

A dynamic model was developed in MATLAB software which considers the energy content in an insulated 
cylindrical tank at several points inside a specified time interval, applying an energy balance that considers 
charge power, discharge power, and losses to the environment. 



The cycle begins by considering the first inputs provided by the user, then it proceeds to preliminary simulation 
of the VCHP and ORC. This determines reference values for mass flow and VCHP/ORC condenser and 
evaporator power, which are then used to design heat exchange areas for these components in the next step.  

After this step, the thermal loss coefficient for the water tank is calculated, its value calculated by the inverse 
of the sum of a series of thermal resistances corresponding to the thermal barriers that were considered – 
conduction through a layer of steel and a layer of insulation material, and a convective resistance on the 
outside of the tank. After this, the iterative cycle begins, each iteration starts by simulating the HP and ORC 
cycles dynamically, varying the condenser and evaporator temperatures according to the storage tank 
temperature until the heat exchange rate matches the thermal power associated with phase change. The 
temperatures of the various points in the thermodynamic cycles, as well as the storage temperature, are 
constantly updated. The cycle stops when a stopping criterion (for example, a maximum/minimum 
temperature) is reached, or when it reaches the end of the specified time interval, and then final values are 
logged and plotted depending on the user’s needs. The predefined time interval between two consecutive 
iterations is 30 seconds but it can be automatically for lower values if a higher resolution is needed, which 
depends mainly of the thermal energy storage capacity. 

The capacity of the storage, nominal power of the compressor and expander, and components’ efficiencies 
are defined inputs of the model as showed in Table 3. The algorithm needs to adjust these input parameters 
based on the output of the cycle, running the program several times until the desired results are achieved. 

4. Results and discussion 

4.1. Case study 

Using the model presented in Section 3, the case of a solar PV power plant will be analysed. Excess power 
from the PV array is to be stored as thermal exergy in the water tank and used at night when the solar panels 
cannot provide any energy. As a means of thermal integration, a solar thermal system is used in conjunction 
with a secondary hot water tank to boost the temperature of the VCHP evaporator to 70°C. The VCHP 
compressor receives excess electric energy from the solar PV panels and uses it to upgrade the heat from the 
evaporator to the required temperature at the condenser. The hot water from the main water tank is then used 
as a heat source for the ORC, which produces electric energy in the expander as it discharges this heat to the 
environment. Figure 3 shows the layout of the proposed system. 

 

Figure. 3.  Schematic representation of the proposed system (1 - Water Tank; 2 - Heat Pump; 2.1 - HP 
Condenser; 2.2 - HP throttling valve; 2.3 - HP Evaporator; 2.4 - HP Compressor; 3 - ORC; 3.1 - ORC 
Evaporator; 3.2 - ORC Expander; 3.3 - ORC Condenser; 3.4 - ORC Pump; 4 - PV Array; 5 - Solar thermal 
panel; 6 - Hot water tank; 7 - Pump; 8 - Power grid; 9 - DC/AC Converter; 10 - AC Transformer). 

4.1. Modelling Validation 

A first charge/standby/discharge cycle was performed to compare with other studies and obtain initial results 
and a primary validation, using the values in Table 3. For this first run, a full charge was simulated, followed 
by 4 hours of standby, and finally a complete discharge of the storage, returning to the initial temperature. 

Table 3.  Validation Simulation Parameters. 

Water Tank ORC 

Volume [m3] 5 Condenser Temperature (design value) [ºC] 35 



Aspect Ratio (Length/Diameter) 2 Evaporator Temperature (design value) [ºC] 60 

Pressure (Absolute) [bar] 1 Expander Isentropic Efficiency 0.7 

Steel Thickness [m] 0.01 Expander Power (design value) [W] 1000 

Steel Thermal Conductivity [W/(m.K)] 50 Pump Isentropic Efficiency 0.8 

Insulation Thickness [m] 0.05 Subcooling [ºC] 0 

Insulation Thermal Conductivity [W/(m.K)] 0.05 Superheating [ºC] 0 

VCHP Evaporator Heat Transfer Coef. (U) [W/(m2.K)] 1000 

Condenser Temperature (design value) [ºC]  100 Other 

Evaporator Temperature (design value) [ºC] 60 Ambient Temperature [ºC] 25 

Compressor Isentropic Efficiency 0.7 Time Step [s] 30 

Compressor Power (design value) [W] 1000 Ambient Convection Coef. [W/(m2.K)] 10 

Subcooling [ºC] 0 Electric Generator Average Efficiency 0.95 

Superheating [ºC] 0 Exchangers Pinch Point (design value) [ºC] 10 

Condenser Heat Transfer Coef. (U) [ºC]  1000   

Condenser Temperature (design value) [ºC] 100   

The charge phase brought the storage up to a temperature of 90°C in about 17 hours and 46 minutes, with 
123.6 kWh of thermal energy variation in the water. With a total electrical consumption of 13.54 kWh, this leads 
to a global COP of 9.13, factoring in thermal losses to the environment during the charge; if the losses are not 
considered, the COP is 10.41 

The exact values change throughout the charge, as shown in Figure 4. The increase in compressor work and 
the decrease in condenser thermal power lead to a decrease in the COP as the temperature and pressure in 
the condenser increase. It can be observed that the VCHP has taken a relatively long time to charge the 
storage – the charging time mostly depends on the ratio between the total storage heat capacity and the charge 
power of the heat pump. 

 

Figure. 4.  Evolution of key parameters in the charge phase. 

During the standby phase, the temperature of the storage tank decreased slightly due to losses to the 
environment, with a reduction from 90°C to 89.28°C. This decrease of 0.72°C corresponds to a loss of 4.53 
kWh of thermal energy. Figure 5 shows the evolution of the temperature and the thermal loss power from the 
water tank over the 4-hour period. 



 

Figure. 5.  Evolution of key parameters in the standby phase. 

Finally, the discharge phase (Figure 6) brought the storage temperature back down to 70°C in about 10 hours 
and 27 minutes, with a thermal energy reduction of 119.06 kWh, and a net electrical generation of 8.08 kWh, 
leading to a global ORC efficiency of 6.8%; factoring out losses to the environment, the global ORC efficiency 
is 7.4%. With the decrease in evaporator temperature and pressure comes a decrease in evaporator thermal 
and pump power consumptions, and expander power generation, with an overall decrease in efficiency. 

  

Figure. 6.  Evolution of key parameters in the discharge phase. 

Roundtrip efficiency is often estimated as the product of the COP with the Rankine efficiency, however this 
becomes inaccurate when thermal losses from the storage are considered. The use of a dynamic model allows 
the calculation of a precise value – in this first case, an ε𝑟𝑡 of 59.7% was obtained – a value consistent with 
those obtained in previous studies, and a satisfactory value for a non-optimized situation. 

4.2. Optimization Method 

The main driving parameters are: expander power, discharge time and charge time. The first two parameters 
determine an energy requirement, allowing the design of an adequate storage size. The heat pump can then 
be designed for a power that allows a full charge in 8 hours – roughly the time during which solar energy is 
available for the PV array. 

In terms of optimization, the main objectives are the storage size/temperature variation and heat exchanger 
surface areas/pinch points. The optimization of these pairs of parameter involves a balance between cost and 
performance, as the best performance results from the largest surface areas and storage volumes, as these 
reduce the temperature differences, but they also lead to greater costs. To evaluate the effect of these 
parameters, a full discharge and a full charge were simulated for five nominal pinch point values (10K, 8K, 6K, 
4K, 2K), and five storage temperature spreads at each pinch point (70°C – 75°C, 70°C – 80°C, 70°C – 85°C, 
70°C – 90°C and 70°C – 95°C), resulting in a total of 25 charge simulations and 25 discharge simulations. For 
each case, the storage size was optimized for a 4-hour discharge with a nominal expander power of 20kW, 
and then a nominal compressor power was chosen to allow a full charge of the storage in 8 hours – these 
reference powers correspond to the maximum values that will be encountered throughout the simulation.  

In terms of costs, the correlations in Table 4 adapted from Santos [10] were used to provide a rough estimate 
for capital costs in order to make the cost/performance optimization possible. The total cost of the system is 
given by the sum of the costs for each component. 

Table 4.  Cost Correlations for components used in the Carnot Battery. 



Component Cost Correlation [€] Unit of Independent Variable 

Storage Tank 2000 + (625 × 𝑉𝑜𝑙.𝑠𝑡𝑜𝑟𝑎𝑔𝑒 ) m3 

Heat Exchangers 150 × 𝐴𝑟𝑒𝑎 m2 

ORC Expander 1.5 × (225 + (17000 × �̇�𝑖𝑛)) m3/s 

ORC Pump 900 × (�̇�𝑝𝑢𝑚𝑝/300) W 

VCHP Compressor 225 + (17000 × �̇�𝑖𝑛) m3/s 

Control Electronics 4000 - 

 

4.3. Results 

As expected, lower pinch points lead to higher roundtrip efficiency for any storage spread, as this minimizes 
the temperature gradient of the VCHP and maximizes it for the ORC. A lower storage spread also improves 
efficiency, as it greatly increases the COP, with only a small decrease in ORC efficiency. 

In terms of costs, while the lower pinch points and lower storage spreads lead to higher values (larger heat 
exchangers and storage tank), the effect of the storage spread seems far greater than that of the pinch point, 
so the best cost/efficiency ratios are mostly found with the lower pinch points and higher storage spreads – 
the highest value was obtained for the 10K pinch point and 70°C – 75°C storage spread, at 3979.70 [€/% 
roundtrip efficiency], with an ε𝑟𝑡 of 43.32%. By contrast, the best cost/efficiency ratio was obtained for the 2K 
pinch point and 70°C – 85°C storage spread, with a value of 586.73 [€/% roundtrip efficiency], and an ε𝑟𝑡 of 
141.54%. For the 2K pinch point, all storage spreads above 70°C – 75°C return cost/efficiency values below 

605 [€/% roundtrip efficiency], with roundtrip efficiencies between 173-105%. At this pinch point, the highest 
performance is reached with a 70°C – 75°C spread, at a cost/efficiency of 734.37 [€/% roundtrip efficiency], 

but with an ε𝑟𝑡 of 225.54%. In all cases for the 2K pinch point, the system becomes a hybrid between energy 
storage and a solar thermal power plant, as the efficiency exceeds 100%. 

Figure 7 shows how the storage spread (70 – maximum temperature) and pinch point influence the 
cost/efficiency ratio. It can again be seen that most points along the 2K line are close to the optimal value. 

 

Figure. 7.  Maximum storage temperature vs. relative cost for various pinch points. 

Finally, payback time was analysed for the various configurations, as shown in Figure 8. The daily profit was 
calculated as the total electric energy of the discharge phase multiplied by a price of 0.20 €/kWh – a value 
assumed based on the costs of a few energy providers available in Portugal as well as reference values from 
the Energy Services Regulatory Authority (ERSE), for a contracted electric power up to 20.7 kVA. Furthermore, 
the system was assumed to generate this daily profit for 12 months of the year. In reality the performance 
would generally worsen in the winter months leading to lower profits. Even with enough solar thermal panels 
to offset unfavourable climate conditions, this fact could potentially affect the payback period in a real situation.  

For all storage configurations, the shortest payback times are generally achieved with the 4K, 6K and 8K pinch 
points, and the shortest payback time between all the simulations is obtained with the 70°C – 95°C spread: 
approximately 9 years and 2 months. For a payback time of 4 years or lower, the average price of electricity 
would need to be at least 0.46 €/kWh. 



 

Figure. 8.  Maximum storage temperature vs. payback time for various pinch points. 

It can be concluded that a select few configurations optimize one parameter or another – the lowest pinch point 
(2K) and lowest storage spread (70°C – 75°C) optimize performance, the highest pinch point (10K) and the 
highest spread (70°C – 95°C) optimize costs, the 2K pinch point and 70°C – 85°C spread optimize the 
cost/performance ratio, and the 8K pinch point and 70°C – 95°C spread optimize the payback period. In this 
case, all of these solutions are ideal in one form or another – these configurations belong on the so-called 
Pareto Front (Figure 4.15), the set of all Pareto-optimal solutions. In other words, by moving between the points 
on this line it is impossible to improve any criterion without deteriorating another. This means that any point on 
this line represents a valid choice, and the selection should depend on the most relevant priority, or a balance 
of relevant priorities for a given implementation. For example, from a technological perspective, the best choice 
is the one with the highest efficiency. In terms of budget alone, the best choice has the lowest cost. For an 
efficient capital investment, one would select the machine with the best cost/performance ratio, and to minimize 
the risk of investment the machine with the lowest payback time should be chosen. 

 

Figure. 9.  Pareto Front for the tested configurations. 

5. Conclusions 
In this study, a case was made for the Carnot Battery as a suitable technology to replace current systems with 
relatively low Power/Capacity ratios, and a storage duration in the range of a few hours. A MATLAB script was 
developed which is capable of simulating the performance of a Carnot Battery composed of simple Vapour 
Compression Heat Pump and ORCs in dynamic charge/discharge conditions, as well as the thermal behaviour 
of a sensible storage in a standby situation. Despite the limited scope of the present study, the flexibility the 
developed model should allow its use in diverse situations with little to no modification, including off-design 
performance, thermal storage material selection, analysis of different thermal integration strategies, as well as 
more detailed techno-economic studies. Moreover, the model was used to study several configurations, taking 
into account the most critical parameters of the system, in an effort to discover an optimized arrangement; in 
the end, the optimal configuration depends on a balance of priorities – if performance is the only criterion, the 



lowest pinch point (2K) and lowest storage spread (70°C – 75°C) should be selected despite the high costs; 
to minimize costs alone, one would select the highest pinch point (10K) and the highest spread (70°C – 95°C) 
in spite of the low efficiency, and for the best cost/performance ratio, the optimal choice would lie in between 
these two, with a 2K pinch point and a 70°C – 85°C spread. Additionally, for a minimized payback period the 
choice would be the 8K pinch point and a 70°C – 95°C spread. It was concluded that these four points belong 
on the Pareto front, in which all points represent either the optimization of one parameter, or a compromise 
between multiple parameters, and conclusions were drawn as to the applicability of each configuration. 
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Nomenclature 
      Subscripts and superscripts 
𝐴         area, m2    in         inlet 

h       specific enthalpy, kJ/kg   cd        condenser 

�̇�       mass flow rate, kg/s   c      compressor 

�̇�        heat flux, W    cond conduction 

𝑅         thermal resistance,    conv    convection 

T       temperature, °C    ev        evaporator 

t       time step, s    exp    expander 

U       heat transfer coefficient, W/(m2.K)  f        working fluid 

�̇�         volume flow rate, m3/s   loss    thermal loss 

vol      volume, m3    pump flow pump 

�̇�        work, W    s isentropic 

Greek symbols     rt          roundtrip 

η       efficiency 

ε        effectiveness  
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Abstract: 

As energy and environmental policies for 2030 and 2050 are encouraging several Countries to investigate 
the viability of alternative green fuels to replace fossil one and help decarbonizing energy sector, hydrogen 
and ammonia are two promising solutions.  
Green hydrogen production is investigated considering both alkaline and PEM electrolysers commercial 
products, comparing the market solutions from the energetic standpoint considering three different plant 
sizes, representative of small (1 MW), medium (10 MW) and large (60 MW) scale applications. Hydrogen 
compression and storage in pressurized tanks is included in the analysis. Considering the drawbacks in 
hydrogen storage, a second plant lay-out is investigated considering an Air Separation Unit (ASU) and 
ammonia synthesis plant for the three different sizes. Ammonia is then stored in liquid form.  For each 
solution, a techno-economic analysis is performed to evaluate: (i) CAPEX; (ii) OPEX; (iii) hydrogen and 
ammonia production costs. Authors evaluate the economic feasibility comparing final costs for green 
hydrogen and ammonia with market values, considering different scenarios and different green electrical 
energy prices. Finally, the authors investigate the influence of electrolysers’ CAPEX decrease in a next 
future scenario (2030) on economic feasibility.  

Keywords: 

Hydrogen production; Energy; techno-economic analysis; green ammonia. 

1. Introduction 
To mitigate climate change in an effective and timely manner, rapid decarbonization of the global economy is 
needed. The transformation is already well advanced in the electrical energy sector in several industrialized 
countries, where competitive renewable energy technologies are increasingly replacing coal and gas-fired 
power plants [1]. Focusing on EU-27 Countries, total CO2 emissions reduced from 4000 Mtons in 2005 to 
3000 Mtons in 2020, with a strong increase in Renewable Energy Sources (RES) share on gross electrical 
(from 16.4% in 2005 to 37.4% in 2020), thermal (from 12.4% in 2005 to 23% in 2020) and transport 
consumptions (from 1.8% in 2005 to 10.3% in 2020) [2]. In the next years, according to the ambitious targets 
set for 2030, RES contribution is expected to further increase, helping the decarbonisation process.  

In this context, the production [3][5] and transport [6][4] of hydrogen, ammonia [7][8][9] and other energy 
carriers [10][11] are receiving increasing attention, as they have the potential to replace coal, oil, and fossil 
gases as a global energy feedstock. Both hydrogen and ammonia do not contain carbon atoms, thus they do 
not impact in terms of CO2 emissions, and they are considered very interesting alternatives to mitigate GHGs 
growth if they are produced starting from renewable electricity by the water electrolysis process. In this 
context, both Power to Hydrogen (P2H) and Power to Ammonia (P2A) are two of the most interesting 
emerging technologies having great potential as renewable energy storage for long periods, producing a 
chemical that can be considered as both an effective energy carrier and, in case of ammonia also an 
effective hydrogen carrier, and as alternative carbon free-fuel [10]. Both P2H and P2A have the potential to 
play an important role in the transition to a low-carbon economy [7]. They offer a way to store and use 
renewable energy, which can help to reduce greenhouse gas emissions and improve energy security. 
Furthermore, both technologies offer a pathway to decarbonize sectors such as transportation and industry, 
which have traditionally been difficult to decarbonize. 

Despite the promising potential, there are still several technical and economic challenges that need to be 
addressed. For example, both processes are currently energy-intensive, and the production cost is still 
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relatively high compared to traditional methods. However, ongoing research and development in this area 
are expected to reduce costs and improve efficiency, making P2H and P2A increasingly viable options for a 
low-carbon future. 

In this paper, in-depth research and evaluation of the market available technologies are reported.  Moreover, 
the analysis and comparison of energy and economic feasibility for both hydrogen and ammonia production 
processes are carried out. The study is developed considering different plant sizes to evaluate the impact of 
the economy of scale. The fuel production cost for both the P2H and P2A is calculated for each plant size 
and considering different economic scenarios and different energy sources. The results are then compared 
with the market price of hydrogen and ammonia produced from fossil fuels. 

2. Technologies   

2.1. Electrolysers (hydrogen production) 

Electrolysers are electrochemical devices that are used to split water molecules into hydrogen and oxygen 
using electricity. As fuel cells, electrolyzers are made by a certain number of electrolytic cells, each cell 
includes two electrodes and an electrolyte. More cells are connected in series to produce a stack to have the 
desired hydrogen production. Electrolysers’ subsystems include equipment for cooling, hydrogen purification, 
DC/DC, and a supply system for demineralized water. Electrolysers are classified as Alkaline (AEC), Proton 
Exchange Membrane (PEMEC), and Solid Oxide Electrolysers (SOEC) [12]. The main features are reported 
in Table 1. 

Table 1.  Electrolysers’ comparison 

 AEC PEMEC SOEC 

Electrolyte Liquid (solution 20-
30% KOH) 

Solid (Polymeric 
membrane) 

Solid (Ceramic) 

Operating temp. [° C] 60 – 80  60 - 80 800 - 900 

Efficiency [%] 70 - 75 70 - 75 85 - 90 

Lifetime [hours] 100,000 80,000 < 20,000 

Start-up time Fast (minutes) Very fast (seconds) Slow (hours)  

Current density [mA -cm2] 0.2 – 0.4 1 – 2  0.5 – 1 

Maturity High (TRL9, Market 
solutions) 

High (TRL9, Market 
solutions) 

Medium (TRL7, 
Demonstration, early 

market) 

 

While SOEC are still in development, AEC and PEMEC are experimenting a significant market diffusion in 
the last years, and commercial solutions are available from many producers also for significant sizes (multi-
MW solutions). AEC are the most mature technology (developed in the last 50 years), they have lower costs 
than PEMEC and higher lifetime. However, compared to PEMEC, they have some drawbacks, as they have 
longer start-up time and dynamic response, which can represent a drawback in case of coupling with 
intermittent RES, such as wind and solar. Furthermore, PEMEC have higher compactness and allow for very 
high H2 purity (99.99% vs 99.5% for AEC). Table 2 reports the main electrolysers’ products, for sizes higher 
or equal to 1 MW, available on the market and their features in terms of technology, efficiency, and volume. 
It is worth observing that PEMEC performance are very similar to AEC and that both the technologies offer 
high power solutions in a wide range.  

Table 2.  Main AEC and PEM electrolysers’ commercial products [13-18] 

Type Producer and model Delivery 

pressure 

Power H2 
production 

Energy 
Cons. 

Efficienc
y 

Off 
design 

AEC Mc Phy Mc Layzer 400-
30 

30 bar 1.8MW 400 Nm3/h 4.5 kWh/Nm3 78% N/D 

AEC Mc Phy Mc Layzer 800-
30 

30 bar 3.6MW 800 Nm3/h 4.5 kWh/Nm3 78% N/D 

AEC Nel Hydrogen A485 200 bar 1.6MW 390 Nm3/h 4 kWh/Nm3 88% 15-100% 

AEC Nel Hydrogen A1000 200 bar 3.1MW 785 Nm3/h 4 kWh/Nm3 88% 15-100% 

AEC Nel Hydrogen A3880 200 bar 12.4MW 3100 Nm3/h 4 kWh/Nm3 88% 15-100% 

AEC Sunfire Hylink 30 bar 10.5MW 2230 Nm3/h 4.7 kWh/Nm3 75% 25-100% 

PEMEC Nel Hydrogen MC500 30 bar 2.2MW 492 Nm3/h 4.5 kWh/Nm3 79% 10-100% 

PEMEC Nel Hydrogen M3000 30 bar 13.3MW 2952 Nm3/h 4.5 kWh/Nm3 79% 10-100% 
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PEMEC Nel Hydrogen M5000 30 bar 22 MW 4920 Nm3/h 4.5 kWh/Nm3 79% 10-100% 

PEMEC Cummins Hy Lizer 
1000 

30 bar 4.6 MW 1000 Nm3/h 4.6 kWh/Nm3 77% N/D 

PEMEC Cummins Hy Lizer 
4000-30 

30 bar 20MW 4300 Nm3/h 4.6 kWh/Nm3 77% N/D 

PEMEC ITM POWER 
3MEPCUBE 

30 bar 2 MW 400 Nm3/h 5 kWh/Nm3 70% N/D 

PEMEC ITM Power 2GEP Skid 30 bar 5MW 1002 Nm3/h 5 kWh/Nm3 70% N/D 

PEMEC H-TEC Systems HCS 30 bar 10 MW 2100 Nm3/h 4.8 kWh/Nm3 74% 20-100% 

PEMEC Plug Power EX-4250D  
 

40 bar 10 MW 2000 Nm3/h 5 kWh/Nm3 70% N/D 

PEMEC H-TEC Systems 
ME450 

30 bar 1 MW 210 Nm3/h 4.8 kWh/Nm3 74% 20-100% 

  

Considering that PEMEC and AEC products available products on the market are similar from the efficiency, 
size, outlet pressure standpoints, PEMEC are chosen for the present study, considering that they guarantee 
higher purity and the have an advantage in terms of response, which make them more feasible for coupling 
with RES (i.e. wind energy) [5]. 

2.2. Air Separation Unit (ASU) 

The required Nitrogen for the synthesis of Ammonia is usually obtained from the air (i.e. a mixture of N2, O2, 
and other gases) utilising an Air Separation Unit (ASU). The commercially available technologies for the 
nitrogen production are three: (i) Cryogenic Fractional Distillation; (ii) Pressure Swing Adsorption (PSA); (iii) 
membrane separation. All of them differs in operating principle, capacity, and energy consumption. The ASU 
is based on the Cryogenic Fractional Distillation approach starting from the liquefaction of the air and then 
the distillation and separation in its main components (O2, N2, Ar, etc). This process is usually employed for 
medium to large capacity plant (200 – 400,000 Nm3/h of N2), allows to obtain a very high purity level (up to 
99.999%), the energy consumption ranges between 0.25 and 0.4 kWh/Nm3 of N2 and, considering the 
complexity of the process, the load range is quite limited (60%-100%). The PSA system is a discontinuous 
mechanical process based on the adsorption principle by means of vessels packed with Carbon Molecular 
Sieves that retains a specific molecule. The adsorption process depends on the operating pressure and the 
higher the pressure, the higher the N2 purity at the outlet and the higher the energy consumption. 
Commercially, the PSA units operate at 6-8 bar, the N2 purity can reach the 99.999% and the related energy 
consumption is up to 1.25 kWh/Nm3 for very high purity nitrogen. Such a system is usually employed for 
medium-small applications (5-5000 Nm3/h of N2). As for the PSA, also the Membrane Separation is a 
pressure-driven process. The working principle is based on a selective gas permeation through a membrane 
substance that allows specific molecules to flow. The driving force is the difference in partial pressure 
between the two sides of the membrane. In the case of nitrogen production, when compressed air pass 
through the membrane’s fibres, oxygen, water vapour, and carbon dioxide are selectively removed, creating 
a nitrogen-rich product stream. However, the purity grade that is achievable with membrane separation is 
usually in the range of 95%-99.5% resulting not suitable for ammonia synthesis via Haber-Bosch process. In 
the present work, considering the size and the purity required, the PSA technology is considered for the 
production of the nitrogen needed for the ammonia synthesis. 

2.3. Haber-Bosch reactor  

The SoA process for the synthesis of ammonia is known as Haber-Bosch process developed in the early 20th 
century. It is a thermochemical Fe-based catalytic process in which H2 and N2 (almost in stoichiometric ratio, 
3:1) react at high pressure (140-250 bar) and temperature (300-500°C) according to the following reaction: 

𝑁2  +  3𝐻2  →  2𝑁𝐻3       𝛥𝐻0 =  −92 𝑘𝐽/𝑚𝑜𝑙 

The ammonia synthesis reaction is exothermic and the number of moles decreases, thus it is favoured by 
low temperature and high pressure. Traditional process reach single-pass conversion around 15%-30% at 
typical working conditions (i.e 200 bar and 400-500°C, respectively). The overall conversion reach up to 95% 
with a recirculation factor around 7 to 10. The most used catalyst is Fe-based and therefore it is very 
susceptible to poisoning in presence of oxygen and water, and, for this reason, the required reacts purity is 
very high. In order to overcome the drawbacks of Fe-based catalysts and to reduce the operating conditions, 
new catalyst mostly based on ruthenium has been developed.  

2.4. Hydrogen storage  

Hydrogen storage represents one of the most critical aspects for the development of the hydrogen economy 
on global scale. In fact, despite its high energy content in mass terms (LHV 120 MJ/kg), hydrogen has a very 
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low density (0.09 kg/m3 at ambient conditions), thus its energy content in volume terms is low (3.0 kWh/m3). 
Today, there are three commercial solutions for hydrogen storage: (a) compressed gas; (b) liquid; (c) metal 
hydrides. Solution (a) is the most employed, as it presents high maturity for different scales [19]. Depending 
on the employed materials and to the final pressure storage, it is possible to identify four different tanks 
typologies for the storage. Type I consists in iron tanks (max pressure 200 bar), type II in aluminium tanks 
(max pressure 300 bar), type III in composite pressure vessel made of a metallic liner fully-wrapped with a 
fiber-resin composite (max pressure 700 bar) and Type IV in pressure vessel made of polymeric liner fully-
wrapped with a fiber-resin composite (max pressure 700 bar). Type III and IV guarantee the best 
performance in terms of energy content (about 1300 kWh/m3), thus they are considered in this study. In case 
of compressed gas storage, compression has to be considered. Since hydrogen is produced by electrolysers 
at 30 bar, the energy to bring it to 700 bar is estimated in 2.2 kWh/kg [20].  

2.5. Ammonia storage  

The ammonia presents physical characteristics very similar to the LPG and therefore they can share both the 
storage solutions and the infrastructure. 

The ammonia can be stored in three main solutions: (i) fully-refrigerated tank; (ii) semi-refrigerated tank; (iii) 
pressurised tank. The first one is usually adopted in case of very high-capacity storage (10-50 ktons). In this 
case, the ammonia is stored at ambient pressure and saturation temperature (-33°C). The tank is equipped 
with a refrigeration circuit to maintain the design temperature and manage the blow-off. Such a solution is 
usually used as local storage at the production site or for the transportation into tanker ship, as well for the 
semi-refrigerated system. In this case, the ammonia is stored in liquid form at around -5°C - 0°C and 
saturation pressure (3-5 bar). The pressurised ammonia tank stores the ammonia as a liquified compressed 
gas at ambient pressure and related saturation pressure till a maximum of around 20bar. Inside this type of 
storage, both the liquid and vapour phase co-exist in equilibrium as function of the ambient temperature. This 
solution is mostly used for small-medium capacity, and for truck and rail transportation. 

3. Case studies 
In the present section, different case studies are analysed, considering: 

• Small size case (1 MW electrolysers)  

• Medium size case (10 MW electrolysers)  

• Large size case (60 MW electrolysers)  

For the three sizes, both green H2 and NH3 plant layouts are investigated. An energy and volume analysis is 
carried out, trying to minimize electrical energy consumption and occupied space for each configuration, 
considering the available products on the market. Figure 1 presents a simplified plant layout for green 
hydrogen production in a Power-to-Hydrogen (P2H) process. RES electrical energy gives power to 
electrolyser, splitting water in hydrogen and oxygen at a certain pressure (assumed 30 bar in this case). At 
the outlet, a compression system brings the hydrogen to the desired pressure level for the storage (from 200 
to 700 bar, according to the scenario). The so produced H2 has a very high purity and can be used in fuel cell 
electric vehicles, or for industrial/chemical applications. In P2A configuration, green hydrogen is compressed 
up to 200 bar and mixed with N2, sequestered by ASU and then compressed; the reactants are sent to a 
Haber-Bosch synthesis loop and the so produced ammonia is stored in liquid form [21].    
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Figure. 1.  Simplified plant layouts for P2H and P2A configurations 

3.1. Small size (1 MW) 

The 1 MW size is well-established in today's electrolyser market for both AEC and PEMEC technologies, as 
reported in Table 2. Considering PEMEC, the H-TEC PEM ME450 model is investigated as possible solution. 
Assuming the P2H plant operating for 4000 equivalent hours per year (considering average capacity factor 
for wind energy production, according to IRENA data), consumptions are nearly 700 ton/year of H2O and 
4165 MWh of electrical energy (4000 MWh for PEMEC, 165 MWh for H2 compression up to 700 bar) for 
hydrogen production equal to 75 ton/year. The required space is about 87 m2, including PEMEC (53 m2) and 
storage (34 m2).   

In case of P2A configuration, operating for the same equivalent hours per year, water consumptions are the 
same, while electrical energy are slightly increased up to 4360 MWh (4000 MWh for PEMEC, 130 MWh for 
ASU, 230 MWh for nitrogen and hydrogen compression up to 200 bar for Haber-Bosch process), for 
ammonia synthesis equal to 425 ton/year. In this configuration, the required area results 87 m2, including 
PEMEC (53 m2), Haber-Bosch plant (26.5 m2), ASU (1.4 m2) and storage (6.1m2).  

3.2. Medium size (10 MW) 

The medium size analysed in the present study is 10 MW, which is a capacity that is available for the single 
products for both PEMEC and AEC technologies (Table 2). However, considering that the minimum load is 
usually around 10-20%, this would imply a minimum available electrical energy from RES equal to 1-2 MW, 
which can decrease the operation time during the year. Thus, the combination of more commercial units in 
parallel is considered to guarantee higher plant flexibility. Considering PEMEC, two Cummins HyLYZER® 
1000-30 (4.5 MW each) and one H-TEC PEM ME450 (1MW) models. Assuming the P2H plant operating for 
4000 equivalent hours per year, consumptions are nearly 7000 ton/year of H2O and 42470 MWh of electrical 
energy (40720 MWh for PEMEC, 1750 MWh for H2 compression up to 700 bar) for hydrogen production 
equal to 795 ton/year. The required space is about 373 m2, including PEMEC (113 m2) and storage (260 m2). 
It is worth noting that, in this case, the storage is the most influent voice in terms of area.   

In case of P2A configuration, operating for the same equivalent hours per year, water consumptions are the 
same calculated for P2H 10 MW configuration. Electrical energy consumption slightly increases to 4360 
MWh (40720 MWh for PEMEC, 1300 MWh for ASU, 2300 MWh for nitrogen and hydrogen compression up 
to 200 bar for Haber-Bosch process), for ammonia synthesis equal to 4250 ton/year. In this configuration, the 
required area results 242 m2, including PEMEC (113 m2), Haber-Bosch plant (56.6 m2), ASU (11.4 m2) and 
storage (61 m2).  

3.3. Large size (60 MW)  

The large size analysed in the present study is 60 MW, corresponding to the size in the Tees Green 
Hydrogen project in UK for the production of green hydrogen using electrical energy generated by the 
Teesside offshore wind farm provided to local corporate customers to support decarbonisation [22]. Two 
options are investigated for the present case study: (a) 3 PEMEC units Cummins HyLYZER® 4000-30, 20 
MW each; (b) 28 PEMEC units Cummins MC500, 2.2 MW each.  

Assuming the P2H plant operating for 4000 equivalent hours per year, consumptions are nearly 38500 
ton/year of H2O and 247 GWh of electrical energy (237 GWh for PEMEC, 10 GWh for H2 compression up to 
700 bar) for hydrogen production equal to 4640 ton/year. In case of option (a), the required space is about 
1842 m2, including PEMEC (450 m2) and storage (1392 m2). Adopting solution (b), the required space results 
considerably higher (2232 m2) due to the higher modules number. 

In case of P2A configuration, operating for the same equivalent hours per year, water consumptions are the 
same calculated for P2H 60 MW configuration, while electrical energy consumption slightly increases to 
4360 MWh (237 GWh for PEMEC, 5.2 GWh for ASU, 13.9 GWh for nitrogen and hydrogen compression up 
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to 200 bar for Haber-Bosch process), for ammonia synthesis equal to 25500 ton/year. In this configuration, 
the required area results 1060 m2, including PEMEC (450 m2), Haber-Bosch plant (225 m2), ASU (10 m2) 
and storage (375m2). 

 

4. Economic analysis 
An economic analysis is then carried out to calculate the cost of green hydrogen and ammonia. The 
discussion continues by comparing the cost of producing hydrogen and ammonia obtained from green 
sources and the price on the market in the years 2021/2022. In addition, an analysis is performed on the 
possible incentives to be provided and the LCOE break-even in order to bridge the gap between the cost of 
fuels from fossil fuels and renewable energy sources. 

To evaluate the economic viability [10], the Fuel Production Cost (FPC) is considered for both green 
hydrogen and ammonia, calculated as follows and expressed in €/kg: 

𝐹𝑃𝐶 = (𝐴𝑛𝑛𝑢𝑎𝑙 𝐹𝑖𝑥𝑒𝑑 𝐶𝑜𝑠𝑡𝑠 + 𝐴𝑛𝑛𝑢𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝐶𝑜𝑠𝑡𝑠)/(𝑇𝑜𝑡𝑎𝑙 𝐴𝑛𝑛𝑢𝑎𝑙 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛)    
      (1) 

 

Where Annual Fixed Costs (AFC) are determined starting from the Total Capital Investment (TCI), 
considering the plant lifetime in years (n) and the WACC as rate (r): 

𝐴𝐹𝐶 = 𝑇𝐶𝐼 · (𝑟 ∗ (1 + 𝑟)^𝑛)/((1 + 𝑟)^𝑛  − 1)              

    (2) 

 

Annual Variable Costs (AVC) include electrical energy cost and the OPEX of each plant component 

 𝐴𝑉𝐶 = ∑_𝑖▒〖𝑂𝑃𝐸𝑋_𝑖〗  + 𝐸𝑙. 𝐸𝑛𝑒𝑟𝑔𝑦 𝑐𝑜𝑠𝑡          

 (3) 

 

Economic analysis is performed considering the main assumptions reported below: 

• Equivalent Operating Hours (EOH) for all the plant configurations are estimated in 4,000 h/year, 
considering that the renewable energy is produced by wind farms [23].  

• Levelized Cost Of Electricity (LCOE) depends on the application scenario, assumed for the present 
analysis from IRENA 2021 report [23]. More in detail, for onshore wind farms LCOE is assumed 42 
€/MWh for Europe, 31 €/MWh for USA, 28 €/MWh for China scenarios; for offshore wind farms 
LCOE is assumed 65 €/MWh for Europe, 78 €/MWh for USA, 79 €/MWh for China scenarios. 

• Plant lifetime 20 years, corresponding to 80,000 equivalent operating hours, which is the guaranteed 
lifetime for electrolysers according to literature and producers [12][24]. 

• WACC 5%. 

 

Capital Expenditure (CAPEX) for both alkaline and PEM electrolysers represents one of the most important 
voices for the economic feasibility, as electrolysers have a significant investment cost, as reported also in 
recent studies. Thus, a cost function is determined for both technologies based on recent data collected by 
IRENA in 2020 report as function of the installed power P, expressed in MW. The obtained cost functions are 
reported in Table 3. For the considered sizes, alkaline technology has a CAPEX of 1002 €/kW, 600 €/kW 
and 400 €/kW for 1 MW, 10 MW and 60 MW respectively, while PEMEC technology has higher CAPEX of 
1155 €/kW, 742 €/kW and 526 €/kW for the same sizes [24].  

The main assumptions for CAPEX and OPEX calculations are reported in Table 3. 

 

Table 3.  Main CAPEX and OPEC estimations for economic analysis [10][12][24] 

Component CAPEX  OPEX  

PEMEC  1155⸳103 ⸳ P0.808  [€] 4.5% CAPEX 

AEC 1002⸳103 ⸳ P0.778 [€] 4.5% CAPEX 

H2 compressors 16000 MH2 [€]  2% CAPEX 

H2 storage tanks 480 MH2  [€] - 

ASU  1450 MN2 [€] 2% CAPEX 

Ammonia synthesis loop 50890 MNH3
0.65 [€] 2% CAPEX 
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Ammonia storage 0.9 MNH3 [€] -  

 

4.1. Main techno-economic results  

4.1.1. Annual costs breakdown    

The first analysis is performed in order to evaluate the main costs distribution for both P2H and P2A 
configurations for 1 MW, 10 MW and 60 MW PEMEC sizes, respectively. For this first analysis, an average 
LCOE for electrical energy equal to 50 €/MWh is considered. 

Figure 2 shows the cost breakdowns for green hydrogen production. Annual costs, including both CAPEX 
and OPEX contributions are about 0.48 M€/year for small size (1 MW), 4.00 M€ for medium size (10 MW) 
and 20.81 M€ for large size (60 MW). It is worth noting that the most relevant component is the cost of 
electrical energy for all the investigated sizes, followed by electrolysers’ CAPEX and OPEX: these voices 
impact for 85-90% of total annual costs. Observing the three case studies, it is evident that, as the size 
increases, due to the decrease in the electrolysers CAPEX (sizing up), their incidence on the total 
percentage tends to diminish; in percentage terms, electrical energy cost influence increases more and 
more.  

 

 

 

Figure. 2.  Costs breakdown for P2H solutions 

Figure 3 shows the main results for P2A configuration. Costs are slightly higher than in the P2H case: 0.56 
M€/year for 1 MW size, 4.31 M€/year for 10 MW size and 21.12 M€/year for 60 MW size. 

In the 1 MW case, most of the total annual cost (80%) is related to the electrolysers and the electrical energy 
costs. In the 10MW case, due to the sizing up of the electrolysers, the electricity cost, in percentage terms, 
becomes increasingly preponderant, around 53.5%. For the 60 MW size, as electrolysers and ammonia 
synthesis unit installed powers increase, their cost incidence decreases more and more, while electrical 
energy cost gains even more importance (61.7%).  
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Figure. 3.  Costs breakdown for P2A solutions 

4.1.2. Results for different scenarios   

In the previous analysis for costs breakdown, an average LCOE value of 50 €/MWh was assumed. In the 
present research the electrolysers are powered by renewable electricity generated by on shore/offshore wind 
turbine; thus, different LCOE values are investigated, according to the operating scenario. In this way, it is 
possible to investigate the influence of electrical energy cost. In this study, three geographic scenarios are 
considered: Europe, China and USA. LCOE values are obtained by 2021 data published by IRENA, reported 
in Table 4 [23]. Offshore wind plants are characterized by higher costs: in EU Countries the technology is 
well developed, thus costs are slightly lower for this kind of technology. 

 

Table 4.  LCOE estimations for economic analysis in different scenarios  

 LCOE Wind on shore [€/MWh] LCOE Wind offshore [€/MWh] 

Europe 42 65 

China 28 79 

USA 31 78 

 

For each scenario, the FPC for Hydrogen and ammonia are calculated. Figure 4 and Figure 5 show the main 
results. Production costs are positively affected by LCOE decrease and size increase (which lead to lower 
specific CAPEX for installed MW). As far as Hydrogen production is concerned, the lowest value is 3.1 €/kg 
(China, wind on shore, 60 MW) and the highest is 7.9 €/kg (USA, wind offshore, 1 MW). For P2A 
configuration, the FPC ranges between 0.6-1.2 €/kg for large size (60 MW) and 1.2-1.6 €/kg for small size (1 
MW), depending on the cost of electricity. 

 

 

Figure. 4.  Hydrogen production costs for different sizes in China, Europe, USA 
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Figure. 5.  Ammonia production costs for different sizes in China, Europe, USA 

4.1.3. Comparison with actual H2 and NH3 market costs   

In order to evaluate the economic feasibility of the proposed solutions, it is interesting to provide a 
comparison between the cost of green hydrogen/ammonia and their market prices in the last two years. 
Concerning Hydrogen, the most of it is produced by steam reforming of natural gas (grey hydrogen), thus its 
market price strongly depends on natural gas price [25]. Figure 6 compares the different H2 production costs 
in the EU scenario with grey H2 market price. While in a scenario with low-medium NG prices (until 
September 2021) green H2 solutions are not economically feasible, the situation is different in a scenario 
characterised by high fossil fuels cost (2022). In this case, most of the green H2 solutions, in particular the 
medium and large size ones become competitive from the economic standpoint.  

 

 

Figure. 6.  Comparison with market (grey) Hydrogen prices (2021-2022) in Europe 

Figure 7 shows a similar trend for ammonia solutions, also in this case for EU scenario [26]. It is worth noting 
that green solutions are not affected by the fossil fuel market price variations.  
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Figure. 7.  Comparison with market ammonia prices (2021-2022) in Europe 

4.1.4. Next future scenario (2030) 

In this section, the feasibility economic analysis is performed considering a next future European scenario 
(2030). To carry out the analysis, CAPEX reduction for PEM electrolysers is considered, starting from the 
study recently published by Gorre et al. [27]. In particular, according to new assumptions, specific CAPEX is 
665 €/kW for 1 MW size, 470 €/kW for 10 MW size and 415 €/kW for 60 MW. LCOE from wind energy is 
assumed the same, considering that wind energy power plants are today a fully mature and developed 
technology, at least in the EU scenario. As Figure 8 shows, for on shore wind plants hydrogen costs range 
from 3.7 to 4.4 €/kg, with a significant reduction compared to actual costs shown in Figure 4 (from 4 to 5.8 
€/kg); for offshore wind farms, H2 costs range from 4.9 to 5.7 €/kg: also in this case, a significant reduction 
can be noted. The same trend is found for P2A configurations, with a minimum cost for 60 MW onshore 
(0.73 €/kg vs 0.8 €/kg in today scenario) and a maximum cost for 1 MW offshore (1.47 €/kg vs 1.50 €/kg in 
today scenario). 

   

Figure. 8.  Hydrogen production costs in Europe from RES (2030) 

5. Conclusions 
Green hydrogen and ammonia are considered among potential candidates to replace fossil fuels in the next 
future. However, hydrogen is still facing challenges for storage and transport. Green ammonia is another 
promising alternative.   

The present study focused on different types of feasibility analyses: 

• Energy analysis: for both green fuels, three different plant sizes are investigated, representative of 
small (1MW), medium (10 MW) and large (60 MW) electrical energy input. For the same size, 
electricity consumption varies within very limited ranges. The most impacting term is due to the PEM 
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electrolysers, which is common to both the configurations, while the impact of hydrogen compression 
(for P2H) and ASU/ammonia synthesis for (P2A) have a limited influence. 

• Volume analysis: in the analysis of the overall dimensions, different results are obtained depending 
on the sizes. For 1 MW size, similar results are obtained for P2H and P2A configurations. In the case 
of medium and large sizes (10 and 60 MW), the impact of storage for P2H configuration becomes 
dramatic, thus this kind of solution seems not to be the best option. For large size, it is important to 
consider to couple different PEMEC modules, in order to guarantee also higher plant flexibility, in 
particular in presence of not constant/programmable RES electrical energy input.  

• Economic analysis: the first analysis is performed to evaluate annual costs breakdown for all the 
sizes and the configurations investigated. The most relevant voices are electrical energy and 
PEMEC costs (together 75-85% of the total, depending on the configuration). Then, a scenario 
analysis is performed to investigate the influence of LCOE, considering both on shore and offshore 
wind farms, in EU, China and USA scenarios. Finally, production costs for hydrogen and ammonia 
are compared with market prices (2021-2022), finding out that small scale plants (1MW) are not 
economically feasible, if not encouraged by proper incentives. On the other hand, medium and large 
scale configurations (10MW and 60MW) are worthy solutions, in particular in a scenario (2022) 
characterized by higher natural gas cost and consequent larger production costs for grey hydrogen 
and ammonia.  

• Future scenarios: in next future scenario (2030), it is realistic to assume a decrease in PEMEC 
market costs, which should lower green H2 and NH3 production costs. Furthermore, their lifetime 
may be extended, LCOE from offshore wind farms may be lower too and fees related to grey fuels 
production (or incentives to green fuels) may be included by some Countries: these latter factors 
may increase the economic feasibility of the solutions investigated in the present paper.    
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Nomenclature 
AEC  Alkaline Electrolysers 

AFC  Annual Fixed Costs 

ASU  Air Separation Unit 

FPC  Fuel Product Cost (€/kg) 

IRENA  International Renewable Energy Agency 

LCOE  Levelized Cost of Electricity (€/MWh) 

LHV  Lower Heating Value (MJ/kg) 

n  Plant lifetime (years)   

PEMEC  Proton Exchange Membrane Electrolysers 

P2A  Power to Ammonia 

P2H  Power to Hydrogen 

PSA  Pressure Swing Adsorption 

RES  Renewable Energy Sources 

SOEC  Solid Oxide Electrolysers 

TCI  Total Capital Investment (M€) 

WACC  Weighted Average Cost of Capital 
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Abstract: 

The paper presents the results of using an external control strategy to optimize seasonal thermal energy 
storage (STES). Literature studies have been carried out related to design and optimization of the STES. Two 
STES configurations were considered with adequate constraints. The objective function was defined as 
minimum operational costs of the entire system. A structural external strategy is proposed which optimizes all 
heat flows based on the simplex method (Solver(R)). Simulations of system operation were carried out with 
and without the proposed external strategy for randomly generated outside temperatures in a 5-year horizon. 

Keywords: 

STES; heat management; dynamic simulation; control strategy 

1. Introduction 
Rising fuel prices and increasing electricity consumption are driving research into more efficient electricity and 
heat generation sources [1]. Energy used for space and domestic water heating constitutes 1/3 of the total 
energy used in industrialized countries like Poland. Fossil fuel consumption and emissions may be reduced by 
using solar-based technologies. For electricity generation, solar energy may be used directly (PV panels) or 
indirectly utilizing biofuels [2–4] applying, for example, fuel cell technology which additionally features high 
efficiency due to the direct transformation of chemical energy into electricity [5–14]. However, the largest 
market for solar energy is now connected with the absorption of solar radiation into heat up media that are 
flowing through solar collectors. 

Optimization of seasonal thermal energy storage dates to the times when these types of installations were 
being constructed. According to the design idea a seasonal heat accumulator does not operate separately and 
is an element of a power system composed of other devices that are typical for the system. The system 
comprises equipment like solar collectors, heat pumps, conventional gas or solid fuel boilers, pumps, etc. 
Sometimes, depending on technical conditions, the system may relate to an urban heating network. This 
creates additional possibilities for altering the amount of heat accumulated in the storage tank and makes the 
whole system more elastic. It should be noted that, particularly in the case of smaller installations, the urban 
heating network has an incomparably larger capability of storing heat when compared with the heat 
accumulator. Considering the set of parameters and external factors influencing the operation of devices and 
the whole system, a respective operation optimization algorithm for the system seems to be indispensable. 

It should consider the specific features of all devices. In addition, it should be matched to the nominal design 
point of the system when applying it to an existing object or be given the flexibility to select individual devices 
(their size, operating parameters, etc.) if it is used at the design stage. During optimization particular attention 
should be focused on the accumulator itself and its interplay with other objects. Devices mentioned earlier that 
are part of the system, like solar collectors, heat pumps, boilers, etc., are generally commercially available and 
their operation characteristics and parameters are known. This does not however apply to the storage tank. 
There are several types of storage [15] that should be taken into consideration. Moreover, insulation plays 
a vital role here—its thickness, conductivity and above all resistance to ground humidity, which significantly 
increases the conductivity (this type of storage tank is usually partly or totally immersed in the ground). In the 
available literature there are few papers that include the optimization of system operation with a storage tank. 
There are however articles where a significant emphasis was put on optimization of the cooperation between 
an accumulator and an external network as well as with a co-generation plant, as in [16]. The authors use the 

commercial Excel (R) environment and the Monte Carlo method to select the optimal size of the accumulator. 
The analysis was made for three cases: for the cogeneration system electric power of 40 kW, 80 kW and 
160 kW. Some authors present modelling methods and optimizing algorithms for storage equipped systems 
cooperating with a central air conditioning system in public utility buildings [17,18]. This case is somewhat 
different as cold instead of hot water is stored, but the idea remains substantially similar. The accumulator is 
charged during the night using cooling units (when electricity prices are lower) and discharged during the day, 



when the cooling demand and electricity prices are higher. The authors analysed 5 operation scenarios for the 
system: cooling, storage charging, storage charging with operation of cooling units, discharging, discharging 
with operation of cooling units. It should be mentioned that the storage tank operates diurnally, and not 
seasonally. In other work [19] operation optimization of the accumulator is performed including economic 
conditions like variable electricity prices and climate changeability. 

 

Figure 1: Diagram of charging and discharging processes for a thermal energy storage tank (TES) [18] 

In fig. 1 a diagram of the charging and discharging process for a storage tank was presented according to [18]. 
In the paper, seasonal storage was analysed, where additional parameters considered during the modelling 
and optimization process were considered, e.g., variable ambient and ground temperatures. 

Seasonal heat storage was analysed in the study [20], where the discussed installation was placed in a public 
utility building with a surface area of 3,700 m2. In contrast to the device investigated in this paper, a UTES 
(Underground Thermal Energy Storage) equipped with a heat pump was used. 

 

 

Figure 2: The block diagram used for calculations for the system analysed in [21] 

In the paper [21] the authors proposed a simplified method for Central Solar Heating Plants with Seasonal 
Storage systems. The simplified method was graphically depicted in Fig. 2. Additionally a dynamic analysis of 
the system in TRNSYS [22] and an economic analysis were done by the authors. 

 
Figure 3: Solar collector area and volume of seasonal storage, isoquant lines of solar fraction [23] 

In the same study, an authorial relationship diagram between the storage volume and the solar collector 
surface area was presented. In the diagram the Space C limit was presented that, according to the analysis 
made by the authors, is ineffective from the aspect of cooperation between the collectors and the storage tank. 
The authors also estimated that if the cost of the storage tank alone was decreased by about 50% and the 
investment costs that need to be borne for solar collectors and other, auxiliary devices, then the introduction 
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of a storage critical volume could become an attractive idea from the economic viewpoint (also shown in the 
graph). 

Table 1: Comparison of methods for modelling seasonal thermal energy storage—yearly characteristics [23] 
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In the study [23] a comparison was made of various modelling methods for systems comprising seasonal 
thermal energy storage. These methods were used in Engineering Equation Solver [29], which was also used 
to generate yearly operation characteristics for a system with storage. Except for the simplified method 
presented by the authors, two others were also analysed. One of them is a 1979 method proposed by 
Lunde [24,30], and the other from 1981 by Braun, Klein and Mitchell which they named BKF [16]. The list of 
modelling methods was presented in the Table 1. An integral element of this research was comparison of the 
results with simulations performed in the previously mentioned TRNSYS software (it is also mentioned in the 
table 1). 

2. Base for calculations 

2.1 Optimization method—Solver(R) 

Optimization of the storage operation was performed using Solver(R) available in Excel(R)environment; 
detailed information on this topic may be found in [31]. When linear optimization is conducted using Solver 
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a numerical procedure is used called a simplex algorithm [32–35]. The simplex method, first proposed by 
George Dantzig in 1947, is the first algorithm of numerical optimization developed for the American army and 
widely used (in many variations) till the present day. The simplex method is basic and universal and enables 
one to solve all kinds of linear models. This is an analytical method allowing for computing models independent 
of their size. There are several versions of realizing the simplex algorithm, but, except for different ways of 
calculating and methods of improving the algorithm convergence, the idea remains unchanged. This method 
requires however that many calculations be made during the solving of the model and the calculation itself is 
iterative. 

 

Figure 4: Block diagram of the simplex method (example for a model where the objective function is 
maximized) [36] 

In the simplex algorithm, two basic stages may be distinguished. The first one consists of determination of the 
basic allowable solution. This may be achieved by introducing additional decision variables into the model. 
The second stage comprises correction of subsequently performed iterations of the basic allowable solution 
until an optimal solution is found if the solution exists. The correction of solutions is in fact tantamount to the 
generation of new basic allowable solutions and checking them from the angle of optimality. The value of the 
goal function for the subsequent solution (when the objective function is maximized) is often higher than the 
one before. It is possible that during computations the objective function value will be equal to the objective 
function value from the previous solution. It may not however be lower. There is a clear analogy in the case of 
minimizing the objective function. Calculations made with the simplex method have an iterative character. 
There are two criteria in the method, giving the possibility of terminating calculations and assessing whether 
the base solution is an optimal one or not; and if not, whether more solutions may be generated. The simplex 
algorithm is quite labour–intensive, particularly for large–scale models. Computer applications of the algorithm 
are used to solve such models. Many programs assisting mathematical calculations allow for the development 
of calculation procedures for the simplex method or are equipped with ready-made simplex modules, like 
Solver. The simplex method allows one to solve continuous models of linear programming. A block diagram 
of the method is presented in Fig. 4; in the next iteration of the simplex method the following cases are possible: 

• Δ𝑗≤ 0 for every j = 1, 2, ..., n is a basic, allowable solution, 
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• 𝑥𝑖𝑠 ≤ 0 for every i = 1, 2, ..., n then the model does not have an optimal solution, 

• there exists Δ𝑆 > 0 and there exists xis > 0 then a new basic allowable solution may be obtained. 

The simplex algorithms make it possible to go from one basic solution to subsequent ones, usually more 
correct due to the value of the objective function. Iterations are made if the optimal solution is obtained, if it 
exists. The quantity of iterations that need to be made when solving a model and achieving an optimal solution 

cannot be precisely specified. It is known that for a set of n decisive variables and m substantial limiting 
conditions, the number of base solutions is at a maximum: 

  (
𝑛
𝑚

) =
𝑛!

𝑚! ⋅ (𝑛 − 𝑚)!
 

The simplex method does not search all the base solutions, merely selected ones. The way of selection is 
directed. For most cases the algorithm is convergent within a finite number of iterations. From calculation 
experience it may be concluded that the number of iterations performed is embraced within the limits of the 
number of substantial limiting conditions to the triple of the number of conditions. Iteration number estimation 

commonly present in the literature is equal to 2⋅(n + m). All the data result mainly from computational 
experience and are solely estimated values. 

It must be noted that the simplex method included in the Solver package is based on differential calculus, 
which has the effect that for significantly non–linear tasks, it does not give correct results. For this reason, the 
temperatures in the accumulator were set at 60°C before every optimization (mean value between the extreme 
values 40/80°C). In the future, methods based for example on artificial intelligence should be used [37–42]. 

 

2.2 The objective function 

The operation criterion for the optimizer may be an economic function that will, for example, minimize the 
operating costs of STES operation. Therefore, the optimization goal will be to maximize the profit, which may 
be understood in different ways. A total profit/loss balance includes many various elements, including income 
or costs of a typical financial origin. Optimization does not influence these costs and it is not sensible to include 
them in the optimization process. Optimization influences operating costs. For this reason, the total operating 
cost in the analysed period will be the objective function, i.e., for periods n (from the beginning of calculations), 
n+1 till periods n+3 or n+6 respectively depending on the selected calculation mode. It may present 
mathematically as: 

Ko   =    ∑ KFuel
i + ΔKHeatStorage − ∑ KPenalty

i − ∑ KPower
i  

 

where: i —index of the following calculation steps; ΔKHeatStorage —cost resulting, and amount of heat 
accumulated at the beginning and at the end of the analyzed time period (or from the price difference); KFuel 
—fuel cost in the subsequent calculation steps; KPenalty —penalty for heat not taken from the collectors; KPoweri 
—cost of the consumed electricity. 

Cost of fuel used for supplying other heat sources in consecutive settlement periods will be calculated as: 

KFuel
i = BNG

i ⋅ kNG 

where: Bi
NG —use of natural gas in respective calculation step; kNG —unit price of the natural gas. 

Cost of electricity supplied to auxiliary devices and the heat pump in consecutive settlement periods will be 
calculated as: 

KPower
i =

QSTES

COPHP

⋅ kPower 

where: QSTES —heat taken from the accumulator; COPHP—heat pump COP; kPower —unit price of electricity. 

Heat supplied to the buildings must maintain the right temperature level, which may not be achieved directly 
from the storage tank when its temperature drops below the returning water temperature.  

Coefficient of Performance of the heat pump depends on the temperature difference between the upper and 
lower heat sources and its perfectness (with respect to the Carnot cycle); in the calculations the following 
relationship was assumed: 

COP = ηHP ⋅
tDH + 273.15

tDH − tSTES

 

where: ηHP —heat pump perfectness; tDH —temperature of water fed to the heating grid; tSTES —temperature 
in the storage tank. 

The heat stream fed to the local heating grid was not optimized. It is not set and is independent of the control 
system operation. This value is not included in the objective function. The system incorporates a heat storage 
tank, therefore heat generation is not equal to the heat sale. Heat generation in the period for which forecasts 
were made may be different than the heat sold. As a result, it is necessary to consider the difference between 



heat sale and heat generation. Heat prices are not variable in time, so only the total heat difference was 
included. It will be calculated as the difference between the heat kept in storage at the beginning of the 
analysed period and the heat at the end. Presented below is the relationship describing the cost resulting from 
the change: 

ΔKHeatStorage = (QFinal − QInitial) ⋅ kHeatStorage 

where: ΔKHeatStorage —cost of avoided heat sale that was accumulated in the storage tank during the analysed 
period; Q Begin —amount of heat accumulated at the beginning of the analysed period; Q Final —amount of 
heat accumulated at the end of the analysed period; kHeatStorage —unitary heat price of the heat accumulated in 
the storage tank. On the other hand, optimization with the condition that the amount of heat stored at the end 
must be equal to the heat stored at the beginning may be conducted. 

In the period n or n and n+1 storage operation will be optimized by controlling its work so that it will be possible 
to realize the planned heat production and to recover all the heat generated in the solar collectors. Should the 
forecasts alter to the extent that it will not be able to balance the production, then the costs of heat generation 
from other sources or of heat lost that was generated by the collectors will be considered. The objective 
function contains a penalty element for unrecovered heat from the solar collectors and for over cooling of the 
storage tank in the following form: 

 

QSolar
i > QPlan

i  then KPenalty
i = KOverload + kOverload ⋅ t ⋅ QOverload

i  

𝑄𝑂𝑣𝑒𝑟𝑙𝑜𝑎𝑑
𝑖 = 𝑄𝑆𝑜𝑙𝑎𝑟

𝑖 − 𝑄𝑃𝑙𝑎𝑛
𝑖  

𝑄𝑆𝑜𝑙𝑎𝑟
𝑖 = 𝑄𝑃𝑙𝑎𝑛 

𝑖 then 𝐾𝑃𝑒𝑛𝑎𝑙𝑡𝑦
𝑖 = 0 

𝑄𝑆𝑜𝑙𝑎𝑟
𝑖 < 𝑄𝑃𝑙𝑎𝑛

𝑖  then 𝐾𝑃𝑒𝑛𝑎𝑙𝑡𝑦
𝑖 = 𝑘𝑆𝑢𝑏𝑐𝑜𝑜𝑙𝑖𝑛𝑔 ⋅ 𝑡 ⋅ 𝑄𝑆𝑢𝑏𝑐𝑜𝑜𝑙𝑖𝑛𝑔

𝑖  

 

𝑄{𝑆𝑢𝑏𝑐𝑜𝑜𝑙𝑖𝑛𝑔}
{𝑖}

 =    𝑄{𝑚𝑖𝑛}
{𝑖}

− 𝑄{𝑃𝑙𝑎𝑛}
{𝑖}

 

 

where: Qi
Solar —heat recovered from the solar collectors in the ith time interval for current heat forecast; Qi

Plan 
—heat supplied to consumers in the i th time interval resulting from the forecast; K i

Penalty —penalty value; t —
length of the time interval, month, week, day, hour; kOverload —coefficient of the penalty function for heat 
overproduction; kSubcooling —coefficient of the penalty function for heat underproduction (cost of heat supplied 
to the storage tank from auxiliary sources); Qi

min —minimum of heat kept in storage; Qi
Overload —heat not 

recovered from the collectors in the ith time interval. 

 

Table 2: Objective function parameters for optimization processes 

Parameter Value* Comment 

kNG, EUR/GJ 12 cost of natural gas fed to the central heating boiler 

kPower, EUR/GJ 44 cost of electricity supplied to the heat pump 

kSubcooling, 
EUR/GJ 

kNG heat of additional heating of water in the boiler by a gas/coal boiler/heating grid 
or/and the heat pump 

kOverload, 
EUR/GJ 

6.0 cost of heat lost, full storage charging at positive balance of heat production 
from the collectors and heat demand 

*at conversion rate EUR/PLN=4.2 

 

Table 2 contains selected coefficients used in the developed objective function. The coefficients may vary 
depending on the season of the year and geographic location (country) as well as local conditions. The cost 
of natural gas supplied to the central heating boiler was calculated on the assumption that boiler efficiency was 
80% and the gaseous fuel tariff was according to [43]: w-5 (gas) and E-1A (distribution) after PGNiG S.A. (in 
total 1.3678 PLN/Nm3); LCV was assumed to be 35 MJ/Nm3. 

The cost of electricity supplied to the heat pump was assumed to be equal to the value mentioned in [44]—
one–zone tariff C11 (“Simplest for your company”) after RWE Poland S.A. (0.6587 PLN/kWh). Heat lost in the 
case when the storage tank is fully charged and the collector heat production exceeds the amount of heat 
consumed was calculated for Hewalex KS2000 TP AC flat collectors  [45]. The net price for this device is 
151.04 EUR per m2 of working surface. It was assumed that the lifetime of solar collectors ranges from 15 to 
25 years [46]. The cost of lost heat was calculated on the assumption that the collectors will work for 15 years 
(safer variant). All the above costs as well as other parameters and results presented in this work were 
determined using the currency conversion rate of PLN 4.2 = 1 EUR. 
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The presented methodology is also valid for other—not necessarily cost balance based—criteria. These could 
be the CO2 emission criterion [47,48], minimization of fossil fuel consumption or the idea of energy storage of 
external origin (e.g. at low electricity prices, which might even be negative as a Danish example showed). 

2.3 Limitations 

Optimization limitations 

1. Water temperature in the storage tank: 40 .. 80C 

2. Maximum storage charging/discharging rate, ΔtSTES/month 

3. Maximum heating power of the grid, QDH/month 

4. Maximum heating power of the solar collectors, QSolar/month 

5. Maximum heating power of the gas boilers, QBoiler/month 

Except for limitations regarding the sole optimization process, the system model contained internal constraints 
not allowing the overheating or over-cooling of the storage tank, ti.e. it did not allow tvalues outside of the range 
of 40 .. 80°C, however shut-off of those limitations was also possible. 

2.4 Analysed case 

To determine the possibility and test the proposed solutions a structure containing all typical devices 
cooperating with seasonal heat storage tanks was selected. Hence, the analysed system contained the 
following elements: 

• flat solar collectors [45] 

• heat pump of COP 3.5 [49] 

• fossil fuel boilers (natural gas) 

 
a: Variant I     b: Variant II 

Figure 5: Tentative depiction of both analysed variants 

 

Two configuration cases for the whole system were considered: 

1. Variant I, where the collector area was selected in such a way that their heat production corresponded 
to 100% of the heat demand in a yearly cycle—heat losses from storage were not covered by solar 
energy. 

2. Variant II, where STES had to cover 100% of the heat demand and the solar collector area was chosen 
so that it also covered the heat losses from the accumulator. 

Both cases differ in collector size and the heat capacity of the storage tank—see fig. 5. 

3 Optimizing algorithm for the Seasonal Thermal Energy Storage 
system 

3.1 Description of the main algorithm 

 

A structural (hierarchical) optimizing algorithm is proposed for a Seasonal Thermal Energy Storage system. 
Based on the algorithm several layers cooperate with each other to obtain a solution of the previously defined 
problem. 

START, period n0 

↓ 

Prediction for the next ← Weather data, temperatures 

nperiods  averaged monthly 

↓ 

Objective function, → Optimizing for n ← Constraints 

K  periods, simplex method   

↓ 
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The very first period (n1) → PID 

is realized  controllers 

 

Figure 6: Optimizing algorithm for STES 

 

Fig. 6 presents a block diagram of the proposed optimizing algorithm for STES. In the very first step, the 
prediction of heat consumption for the next n periods (e.g., 11 months) is made. The prediction may be based 
on forecast weather, temperatures, etc.; in the calculations randomly generated temperatures at the average 
level for Warsaw are used. Based on the forecast heat consumption and possible heat 
production/accumulation, the optimizing process is utilized for the chosen objective function while fulfilling the 
given limitations. 

 

Figure 7: An example of utilization of the optimizing algorithm 

Based on the obtained operational line for the next n periods (11 months), only the very first period is really 
done—see Fig. 7—and adequate PID controllers are set to fulfil the ending point. The rest of the operational 
line is deleted and no longer considered, but the whole process is repeated. 

3.2 Choosing a design point of the system 

The optimizing procedure regards the current period and next n periods (e.g., 11 months, so it is possible to 
use the algorithm to determine a design point for the whole system (solar collector area, water tank volume, 
etc.) based on the chosen/known heat consumption profile and averaged monthly weather data. 

• In this case, the optimizing algorithm needs to be supplemented by two independent variables: 

• solar collector area in relation to heated area, m2/m2 

• water tank volume in relation to heated area, m3/m2 

Table 3: Design point parameters chosen during the optimizing processes 

Parameter Case I Case II 

Heated area, m2 100 100 

Solar collector area, m2 17 25 

Tank volume, m3 70 102 

Objective function value, EUR/a 113 52 

 

↓ 

n 0 = n 0 +1 
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By utilizing the optimizing algorithm, the design point parameter of the STES system was found as well as the 
temperature distribution during the year. (see Table 3). 

 

 
Figure 8: Monthly averaged temperatures distribution at the design point for Case I 

Fig. 8 presents the temperature forecast at the design point, and related water temperatures in the tank. 

 
Figure 9: Heat generated by the system elements at the design point for Case I 

Fig. 9 presents the amount of heat generated by the system elements in order to cover heat demand at the 
design point and chosen heat consumption profile. The negative values of heat fluxes denote that the charging 
process of the STES tank is in progress. 
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Figure 10: Objective function at the design point for Case I 

At the design point for Case I, the value of the objective function is 113 EUR/a (for 100 m2); specific 
components of the function are presented in Fig. 15, the highest cost is electricity delivered to the heat pump 
in the periods when the water temperature in the tank falls below 60○C, the second highest cost is the fuel 
used in the boilers to cover heat demand when there is a fully discharged heat storage tank. 

 

4 Conclusions 
An external control strategy and optimizing algorithms are proposed for supporting the STES operation. 

Table 4: Summary of all analyzed scenarios 

Parameter Case I 
limited 

Case I 
optimized 

Case II Case II 
limited 

Case II 
optimized 

Averaged yearly costs, EUR/a 113 109 52 60 57 

Water tank volume, m3 70 70 102 102 102 

Solar collector area, m2 17 17 24 24 24 

Minimum water temperature, °C 40 40 36 40 40 

Maximum water temperature, °C 80 80 84 80 80 

Maximum charging speed, GJ/month 3.8 3.9 5.3 5.3 5.3 

Maximum discharging speed, GJ/month 3.3 3.3 3.4 3.4 3.0 

Maximum heat produced by Natural Gas 
boiler, GJ/month 

3.9 3.8 – 1.3 1.1 

Maximum heat produced by solar 
collectors, GJ/month 

4.2 4.2 5.8 5.8 5.8 

Maximum heat demand, GJ/month 5.2 5.2 5.2 5.2 5.2 

 

Table 4 presents a summary of all analyzed cases. The operating costs of systems with smaller sized devices 
(solar collectors by 41%, and water tank volume by 45%) are two times smaller than for the bigger sized 
system. Profits from utilization of the external control strategy are relatively small, on level 4...5%. Apart from 
economic profits, using the proposed external control strategy lowers the maximum heat produced by the 
natural gas boiler in the range 3...18%. 

Use of the external control strategy does not provide spectacular profits, but theoretically a huge water tank 
can be run without any control system merely by applying a simple regulation system. 
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Abstract: 

Thermochemical energy storage is the least investigated thermal energy storage technology. Nowadays, 
research on this technology's development is very intensive, including high, medium, and low-temperature 
applications. However, for thermochemical energy storage technology to get market maturity, still many 
problems must be solved, and reliable design and optimization tools must be developed. The concept of such 
a tool, i.e., the multi-dimensional numerical model of the charging/discharging low-temperature 
thermochemical storage unit, is presented in this paper. The model considers hydration/dehydration reactions 
in the thermochemical medium working in the open system. It accounts for local hygric and thermal non-
equilibrium at the macroscale by treating heat and moisture carrier fluid (moist air) and reactive porous bed 
separately. Therefore, two sets of governing equations have been derived, i.e., one dealing with moisture and 
heat transfer in the air flowing through the porous bed and the second one with phenomena occurring in the 
reactive porous bed. The model assumes regular regimes of heat conduction and moisture diffusion in the bed 
particles and a fast sorption/desorption rate in thermochemical materials. Moreover, it is assumed that the 
water removal from the bed particle surface controls the chemisorption process as being slower than reaction 
kinetics. The proposed model was simplified to heat storage using sorption/desorption phenomena and 
implemented in 2D axisymmetric space using commercial software. Such an approach allows for easy 
adjustment and modification of the reactor geometry in the design and optimization path. Then the model in 
simplified form was applied for the simulation of a sorption-based thermal energy storage unit. Parts of the 
charging and discharging phases were simulated. However, the long simulation time is the particular issue 
limiting the current broader testing and applications of the model. 

Keywords: 

Thermochemical energy storage; Hydration/dehydration; Numerical modeling; Non-equilibrium model; 
Sorption/desorption; 

1. Introduction 
To date, global energy consumption significantly relies on fossil fuels which are closely related to carbon 
dioxide (CO2) emissions, contributing to climate change. Increasing global energy demands caused by rapid 
industrialization and population growth and, therefore, acceleration of fossil fuel depletion and the additional 
need for environmental protection attracts attention to the effective use of the other available energy sources, 
including renewable ones. These sources often deliver energy in times and locations different from its demand. 
This leads to an economically unjustified loss of useful energy. 

The crucial role of energy storage systems is to reduce the time or rate of mismatch between energy supply 
coming from different sources and energy demand at a specific time and location. Among the energy storage 
systems, thermal energy storage (TES) is an important energy conservation technology to store heat and cold 
for later use [1]. Thermal energy can be stored as sensible heat, latent heat, and thermochemical energy or 
combinations of these methods [2]. Much research and development work has been carried out in the first two 
methods of the TES. The sensible heat storage associated with increased temperature of the storing material 



is used in many domestic and industrial applications. The method requires a high heat capacity of the storing 
materials and very good thermal insulation of the storage system to reduce heat losses. These two features 
are the most significant drawbacks and limitations of sensible heat storage. The latent heat storage uses phase 
transformations associated with the absorption or release of heat during, e.g., melting/freezing. Therefore, it 
needs phase change materials (PCMs) of high latent heat and good thermal transport properties to effectively 
transfer heat to and from the storage. This storage technology has many lab-scale and market applications, 
including PCM in storage tanks [3] and in different elements of building envelopes [4-7]. However, the 
drawback of this storage technology, among others, is the low thermal conductivity of PCMs, which significantly 
limits the heat transfer rates during charging/discharging and heat storing at temperatures different than the 
temperature of the surroundings and related heat losses. Thermochemical energy storage (TChES) is one of 
the least investigated heat storage methods. However, it is the most promising and attractive technology 
because it offers the highest energy storage density of the three methods and allows for storing thermal energy 
at negligible heat loss for a long time by species separation [2]. Another difference between PCM-based 
storage and TChES in which gaseous product appears is that the former depends on temperature only, while 
the latter has an extra control parameter, namely the gas pressure, which follows from the equilibrium curve 
in the phase diagram of thermochemical material [8]. Recent developments in low/zero energy buildings 
promote the development of low-temperature TChES systems.  

Mathematical models of TES units/systems using sorption and chemical reactions pose many difficulties in 
mathematical formulations and equations solutions. These processes are complicated and differ from the well-
known and analyzed classical flow phenomena with heat transfer. In the TChES, it is required to 
simultaneously deal with the fluid flow and heat and mass transfer in the porous bed accompanied by sorption 
or chemical reactions, the dynamics of which also affect the system's operation [9]. Due to the large number 
of physical phenomena that need to be modeled and the need to combine equations that describe fluid flow, 
thermal, and chemical processes, modeling these phenomena was significantly simplified.  

Several numerical approaches have been proposed to investigate the heat and mass transfer processes in 
the reactive packed bed and in the whole TChES units/systems. The most simplified are purely thermodynamic 
approaches based on energy and exergy methods to assess the closed or open-loop TChES systems/units 
[10, 11] or reaction cycles for the TChES systems/units [12]. The second group of the models is lumped-
element or 0D models [13, 14], which provide general information on the TChES unit/systems operation. The 
next group is the 1D models, which can simulate the variation of the working medium and reactor parameters 
along the flow path [2, 9, 15, 16]. The most complex approaches are multi-dimensional (2 and 3D) models [17-
21] capable of predicting fluid flow and thermal and chemical states at any time of the process and any point 
in the storage unit/system and, therefore, are applied for multi-criteria analyses of TChES units/systems. 

Most of the TChES units/systems models assumed many simplifications. For example, local thermal 
equilibrium between working gas and the porous bed was applied [17-19, 21], the gas flow was modeled as 
isothermal [17-19], the flow of the gas in the porous bed was evaluated through Darcy law [17-19, 21], vapor 
transfer dynamics was omitted [17-21]. These simplifications are understandable and justified. The 
phenomena controlling the TChES process are very complex, and their modeling requires many assumptions 
to solve the problem. However, this paper will try to alleviate some of the mentioned assumptions by treating 
simplified or omitted phenomena more rigorously than in the previous works [17-21]. The proposed new 2D 
macroscale model, based on the previous 1D approach [9], considers low-temperature hydration/dehydration 
reactions in the TChES unit working in the open system. It assumes hygric and thermal non-equilibrium 
between the working medium (moist air) and the reactive porous bed and, in this way, accounts for the 
peculiarities and dynamics of heat and mass transfer processes in a porous bed. The model may be applied 
to simulate the chemical and physical sorption-based storage process. 

2. Macroscopic mathematical model of TChES unit 
This chapter contains a description of the complex TChES unit model. The model consists of the unsteady 
equations set describing the transport of momentum, mass, energy, and moisture in the gaseous phase and 
the transport of energy and moisture in the solid phase (porous bed). The first equation, i.e., the continuity 
equation for moist air in the storage, is written as follows: 

𝜀𝑏
𝜕𝜌𝑚

𝜕𝑡
+ 𝛻 ∙ (𝜌𝑚�⃗� ) = 0, (1) 

where: ρm is the moist air density, εb is the reactive bed porosity, �⃗�  is the velocity vector, and t is the time. The 
laminar flow was assumed to simplify the case. Therefore, the momentum equation is the following: 

𝜕𝜌𝑚

𝜕𝑡
+ ∇ ∙ (𝜌𝑚�⃗� �⃗� ) = −∇𝑝 + ∇ ∙ 𝜇𝑚 [(∇�⃗� + ∇�⃗� 𝑇) −

2

3
∇ ∙ �⃗� 𝐼] −

𝜇𝑚

𝑘
�⃗� + 𝐶2

1

2
𝜌𝑚|�⃗� |�⃗� . (2) 

In the equation above, p is the static pressure, 𝐼 is the unit tensor, and μm is the moist air dynamic viscosity. 
The two last terms of Eq. (2) are source terms accounting for the porous zone region. The factor k is the 
permeability of the reactive bed, and coefficient C2 is used to include inertial pressure losses. The moisture 
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must be properly managed in the reactive bed for proper storage work. During the charging cycle, dry air 
flowing through the bed should remove moisture from the system. In the discharging cycle, the moisture is 
supplied to the system as water vapor in the moist air. The following non-equilibrium equation describes the 
moisture transport in the air in a porous bed: 

𝜀𝑏
𝜕𝜌𝑔𝜔

𝜕𝑡
+ ∇ ∙ (𝜌𝑔�⃗� 𝜔) = ∇ ∙ (𝐷𝑣𝑏,𝑒𝑓𝑓∇𝜔) + 𝐴𝑏𝛼𝑚,𝑒𝑓𝑓(𝜌𝑣,𝑒 − 𝜌𝑣), (3) 

where: ρg is the density of dry air, ω is the specific humidity (per mass of dry air), Dvb,eff is effective vapor 

diffusivity in air, Ab is the specific surface area of the porous bed, αm,eff is the effective mass transfer coefficient 
for water vapor, ρv,e is equilibrium density of water vapor at the surface of bed particles, and ρv is the density 
of the water vapor in moist air. The non-equilibrium thermal model is applied to account for the porous zone's 
energy transport. The source term in the energy equation includes heat transport between the bed and 
gaseous phase and the energy transport caused by moisture exchange. Therefore, the energy equation for 
the moist air is written as: 

𝜀𝑏

𝜕𝜌𝑔(𝑐𝑣,𝑔 + 𝜔𝑐𝑣,𝑣)𝑇𝑓

𝜕𝑡
+ ∇ ∙ [𝜌𝑔�⃗� (𝑐𝑝,𝑔𝑇𝑓 + 𝜔𝑐𝑝,𝑣𝑇𝑓 +

𝑝

𝜌𝑔
)] = ∇ ∙ (𝜆𝑚,𝑒𝑓𝑓∇𝑇𝑓) +  

𝐴𝑏[𝛼𝑚,𝑒𝑓𝑓𝑐𝑝,𝑣(𝜌𝑣,𝑒 − 𝜌𝑣) + 𝛼𝑇,𝑒𝑓𝑓](𝑇𝑠 − 𝑇𝑓), (4) 

where: cv,g and cp,g are the specific heats of dry air at constant volume and pressure, respectively, cv,v and cp,v 

are the specific heats of vapor at constant volume and pressure, respectively, Tf is the temperature of moist 

air (working fluid), λm,eff is the effective heat conductivity of moist air, αT,eff is the effective heat transfer coefficient 

between gaseous phase and solid particles, and Ts is the temperature of the porous reactive bed. In the mass 
balance equation for the solid phase, the formation of new substances during the chemical reaction is taken 
into account. It is assumed that water in particles occurs only in the bound state of component A (hydrate). 

There is no diffusion between hydrated component A and dehydrated component B. Therefore, the mass 
balance equation can be written as: 

(1 − 𝜀𝑏)
𝜕(𝜌𝐴+𝜌𝐵)

𝜕𝑡
= −𝐴𝑏𝛼𝑚,𝑒𝑓𝑓(𝜌𝑣,𝑒 − 𝜌𝑣), (5) 

where: ρA is component A's density and ρB is component B''s density. The degree of transformation of species 

A into B varies with the location and time. The equation describing this parameter is the following: 

𝛽(�̅�, 𝑡) =
𝐶𝐴0(�̅�)−𝐶𝐴(�̅�,𝑡)

𝐶𝐴0
, (6) 

where: �̅� is the position vector, CA0 is the initial molar concentration of component A, and CA is the actual molar 

concentration of species A. The final expression describing the degree of transformation of species A into B is 
as follows: 

 
𝜕𝛽

𝜕𝑡
=

𝐴𝑏𝛼𝑚,𝑒𝑓𝑓(𝜌𝑣,𝑒−𝜌𝑣)

𝐶𝐴0𝑀𝐴𝐵(1−𝜀𝑏)
, (7) 

where MAB is defined as: 

𝑀𝐴𝐵 = 𝑀𝐴 −
𝑣𝐵

𝑣𝐴
𝑀𝐵. (8) 

In the equation above, MA is the molar mass of component A, MB is the molar mass of component B, and vA 

and vB are stoichiometric coefficients. The energy equation for solid particles considers the heat and mass 
exchange with flowing air and energy released (or absorbed) during the chemical reaction. Therefore, this 
energy equation can be written using the formula: 

(1 − 𝜀𝑏) [
𝑣𝐵

𝑣𝐴

𝜕𝐻𝐵

𝜕𝑇𝑠
+ (1 − 𝛽)

𝜕𝐻𝐴𝐵

𝜕𝑇𝑠
] = ∇ ∙ (𝜆𝑠,𝑒𝑓𝑓∇𝑇𝑠) + 

−𝐴𝑏[𝛼𝑚,𝑒𝑓𝑓𝑐𝑝,𝑣(𝜌𝑣,𝑒 − 𝜌𝑣) + 𝛼𝑇,𝑒𝑓𝑓](𝑇𝑠 − 𝑇𝑓) + (1 − 𝜀𝑏)𝐻𝐴𝐵(𝑇𝑠)
𝜕𝛽

𝜕𝑡
, (9) 

where HAB is defined as: 

𝐻𝐴𝐵 = 𝐻𝐴 −
𝑣𝐵

𝑣𝐴
𝐻𝐵. (10) 



In Eq. (9) and (10), HA is species A's molar enthalpy, HB is species B's molar enthalpy, and λs,eff is the effective 
heat conductivity of solid particles in the reactive bed. Equations (1)-(10) allow for calculating velocities, 
temperatures, and moisture molar concentration fields. Due to the high complexity of the proposed model, 
caused by the presence of chemical reaction in the bed and the coexistence of both species A and B, the 
above model was simplified and reformulated to account for a sorption/desorption-based heat storage, which 
mathematical description is much simpler, and in such form was implemented and tested. The model given by 
Eq. (1)-(10) will be implemented and tested in future work.  

3. Model simplification to sorption/desorption-based heat storage 
The proposed in section 2 TChES model was simplified, assuming that sorption/desorption phenomena are 
used to store heat instead of thermochemical reactions. The simplified mathematical model for 
sorption/desorption-based heat storage, presented below, replaces the mass balance equation, Eq. (5), with 
the equation describing water transport in the porous bed. It assumes that, during the sorption, the water vapor 
is adsorbed from moist air and bound with solid porous particles in liquid form. No other species are created 
in the bed because only physical adsorption occurs. Therefore, the density of the solid phase is constant, and 
the mass changes of particles arise only from the amount of adsorbed water. The following equation can 
describe the sorption phenomenon: 

(1 − 𝜀𝑏)𝜌𝑠
𝜕𝑎𝑤

𝜕𝑡
= (1 − 𝜀𝑏)𝜌𝑠𝐴𝑏𝛼𝑚,𝑒𝑓𝑓(𝑎𝑤,𝑒𝑞 − 𝑎𝑤), (11) 

where: ρs is the real density of solid particles, aw is the mass of adsorbed water (per mass of adsorbent 

particles), and aw,e is the equilibrium amount of water. Both sides of Eq. (11) are multiplied by the mass of the 
adsorbent per volume to obtain the SI unit compatible with the moisture transport equation for moist air, i.e., 
kg H2O m-3 s-1. The source term of Eq. (3) also was changed because of replacing the driving force of water 
transfer. It is assumed that there will not be condensation, and water in the system occurs only in the form of 
water vapor in moist air and water adsorbed by porous particles. Therefore, Eq. (3) and (11) have the opposite 
source terms. The modified equation of moisture transport in the air is the following: 

𝜀𝑏
𝜕𝜌𝑔𝜔

𝜕𝑡
+ ∇ ∙ (𝜌𝑔�⃗� 𝜔) = ∇ ∙ (𝐷𝑣𝑏,𝑒𝑓𝑓∇𝜔) + (1 − 𝜀𝑏)𝜌𝑠𝐴𝑏𝛼𝑚,𝑒𝑓𝑓(𝑎𝑤 − 𝑎𝑤,𝑒𝑞). (12) 

In the energy equation for the moist air, Eq. (4), the only change will occur in the source term connected with 
energy transport as enthalpy of exchanged water. The modified equation can be written as: 

𝜀𝑏

𝜕𝜌𝑔(𝑐𝑣,𝑔 + 𝜔𝑐𝑣,𝑣)𝑇𝑓

𝜕𝑡
+ ∇ ∙ [𝜌𝑔�⃗� (𝑐𝑝,𝑔𝑇𝑓 + 𝜔𝑐𝑝,𝑣𝑇𝑓 +

𝑝

𝜌𝑔
)] = ∇ ∙ (𝜆𝑚,𝑒𝑓𝑓∇T𝑓) + 

𝐴𝑏[(1 − 𝜀𝑏)𝜌𝑠𝛼𝑚,𝑒𝑓𝑓𝑐𝑝,𝑣(𝑎𝑤 − 𝑎𝑤,𝑒𝑞) + 𝛼𝑇,𝑒𝑓𝑓](𝑇𝑠 − 𝑇𝑓). (13) 

The energy equation for the porous bed in the simplified model considers the specific heat of adsorbed water 
in porous particles and the heat of sorption. Therefore, the energy Eq. (9), is replaced by the following one: 

𝜌𝑠(1 − 𝜀𝑏)
𝜕(𝑐𝑝,𝑠+𝑎𝑤𝑐𝑝,H2O)𝑇𝑠

𝜕𝑡
= ∇ ∙ (𝜆𝑠,𝑒𝑓𝑓∇T𝑠) + (1 − 𝜀𝑏)𝜌𝑠𝐴𝑏𝛼𝑚,𝑒𝑓𝑓(𝑎𝑤,𝑒𝑞 − 𝑎𝑤)𝐻𝑟 +

−𝐴𝑏[(1 − 𝜀𝑏)𝜌𝑠𝛼𝑚,𝑒𝑓𝑓𝑐𝑝,𝑣(𝑎𝑤 − 𝑎𝑤,𝑒) + 𝛼𝑇,𝑒𝑓𝑓](𝑇𝑠 − 𝑇𝑓), (14) 

where: cp,s is the specific heat of solid particles, cp,H2O is the specific heat of liquid water, and Hr is the heat of 
sorption reaction (per mass of exchanged water). Flow equations, Eq. (1) and (2), remained the same in the 
simplified model. 

4. Numerical implementation 

4.1. Storage unit geometry and mesh 

The sorption/desorption TES unit of cylindrical shape is investigated. During the modeling of the TES unit, the 
focus was not only on processes occurring in the porous medium but also on the part through which the air 
reached the reactive bed and flowed out of it. The 2D geometry of the modeled part of the TES unit consists 
of a circular inlet channel, a diverging nozzle, a cylindrical reactor with a porous material, a converging nozzle, 
and an outlet channel (see Figure 1). This geometry is axisymmetrical.  

The axial symmetry of the geometry enabled a significant reduction in the number of mesh elements by treating 
the problem as a 2D axisymmetric. Consequently, only the upper part of the axial section needs to be prepared 
and meshed. A detailed view of the storage geometry with all dimensions is presented in Figure 2. The 
geometry of the TES unit was created using the ANSYS DesignModeler software. 



 

Figure. 1. The schematic view of investigated sorption/desorption TES unit. 

 

 

Figure. 2. The view of the upper axial section of the TES unit with all dimensions. 

 

Table 1. Geometric dimensions of the investigated TES unit.  

Geometrical parameters Value  

Rw (m) 0.05 
Rz (m) 0.18 
Lw (m) 0.30 
Lr (m) 0.50 
Lz (m) 0.44 
Inlet/outlet surface (cm2) 78.54 
System volume (dm3) 76.31 
Reactive bed volume (dm3) 44.79 

 

Table 2. Mesh elements' quality properties.   

Element property Mesh 1 (15 680 elements) Mesh 2 (273 570 elements) 

Maximum aspect ratio 11.35 11.38 
Minimum orthogonal quality 0.84 0.86 
Maximum skewness 0.33 0.33 

 

The TES unit's regular geometry allowed to generate meshes with 2D quadrangular elements. The meshes 
were created using the ANSYS Meshing software. Two computational grids, i.e., coarse and dense, were 
considered for testing the model's stability and solution sensitivity to the mesh size. The equations' 
convergence levels were also checked. Three factors were considered, i.e., aspect ratio, orthogonal quality, 
and skewness, to assess the quality of grid elements. As seen from the data presented in Table 2, the qualities 
of meshes are very good. During grids generations, refined meshes were created at the pipe and nozzle walls, 
thanks to which processes occurring in the boundary layers were simulated more accurately. For this reason, 
the aspect ratio level close to the walls was higher than in the rest of the domain. The reactive bed is the region 
with the best quality elements to decrease the meshing impact on equations convergence rates. 

The coarse and dense meshes comprised 15 680 and 273 570 elements, respectively. But, this is not the final 
element numbers ANSYS Fluent used during the solution. Since a non-equilibrium approach was applied in 
solving the energy equation in the porous zone, ANSYS Fluent required a copy of the mesh in the porous 
region. The copied mesh consisted of the same number of elements as in the area of the porous medium, but 
these elements belonged to the solid material and used solid material properties during calculations. In this 
work, these were the properties of silica gel. The final sizes of meshes used for calculations were 21 344 and 
346 170 elements. Because meshes in the porous media were copied, the elements' quality did not change. 

4.2. Numerical implementation 

The ANSYS Fluent 2022 R2 software was applied to solve the set of governing equations, Eq. (1), (2), and 
(11)-(14), utilizing parallel calculations. For the mesh with 21 344 elements, 4 computational nodes were used, 
and in the case of 346 170 mesh elements, 16 computational nodes were involved. Equations (1) and (2) were 
solved using a laminar flow model built-in within ANSYS Fluent software. The advanced customization 
interface, i.e., user-defined scalars (UDS), user-defined functions (UDF), and user-defined memory (UDM), 



were applied to solve Eq. (11)-(14), along with all closing relationships presented in the next section. The 
model implementation using ANSYS Fluent software makes changing the geometry and computational mesh 
very easy, allowing for future optimization of the TES unit performance.  

4.3. Closing relationships and input data 

Several closing relationships and a set of input data are required to solve governing equations, Eq. (1), (2), 
and (11)-(14). These are the following. The density of the dry air in the system was calculated with the following 
incompressible ideal gas model: 

𝜌𝑔 =
𝑝𝑜𝑝

𝑅𝑔𝑇𝑓
, (15) 

where: pop is the operating pressure assumed constant, and Rg is the individual gas constant of dry air. The 
density of the moist air changes with the amount of water vapor contained and is calculated using the relation: 

𝜌𝑚 = 𝜌𝑔
1+𝜔

1+
𝑅𝑣
𝑅𝑔

𝜔
, (16) 

where: Rv is the individual gas constant of water vapor. The moist air's dynamic viscosity also varies with the 
contained water vapor as follows: 

𝜇𝑚 = 𝜇𝑔 + (𝜇𝑣 − 𝜇𝑔)
𝜔

𝑀𝑣
𝑀𝑔

+𝜔
, (17) 

where: μg is the dynamic viscosity of the dry air, μv is the dynamic viscosity of water vapor, and Mg and Mv are 
molar masses of dry air and water vapor, respectively. The permeability of a porous medium composed of 
spherical particles can be calculated using a relationship that considers the grain diameter and the porosity of 
a given medium. The formula is the following: 

𝑘 =
𝑑𝑝

2𝜀𝑏
3

150(1−𝜀𝑏)2
, (18) 

where dp is the diameter of the particle, i.e., silica gel granules. The coefficient of inertial resistance must be 
found to calculate the source term of the momentum equation in a porous medium. This coefficient can be 
calculated using the following formula: 

𝐶2 =
2𝐶𝐹

√𝑘
, (19) 

where CF is the dimensionless Forchheimer drag coefficient. This coefficient value can also be found based on 
the diameter of the silica gel granules and the porosity of the medium from the following equation: 

𝐶𝐹 =
1.75

√150
𝜀𝑏

−
3

2. (20) 

A model that considers the bed's porosity, tortuosity, and current air humidity is applied to find the effective 
diffusivity of moisture in the air in the reactive bed. The reference diffusivity was the one of water vapor in the 
atmospheric air, which depends only on the air temperature and is described by the following equation: 

𝐷𝑣,𝑎 = 2.610−5 (
𝑇𝑓

298
)

3

2
. (21) 

Then the effective diffusivity of vapor in the air in the porous bed was calculated from the following relationship: 

𝐷𝑣𝑏,𝑒𝑓𝑓 = 
𝜌𝑔𝐷𝑣,𝑎𝜀𝑏

(1+𝜔)𝜏𝑏
, (22) 

where τb is the tortuosity of the bed. The effective thermal conductivity of the porous material was modeled 
with a simple equation in which the thermal conductivity between the bed's granules depends on the medium's 
porosity. The equation describing this conductivity can be written as follows: 

𝜆𝑠,𝑒𝑓𝑓 = (1 − 𝜀𝑏)𝜆𝑠, (23) 

where: λs is the real thermal conductivity of the solid material. The thermal conductivity of moist air was 
modeled similarly to the dynamic viscosity (see Eq. (17)) using the following equation: 

𝜆𝑚 = 𝜆𝑔 + (𝜆𝑣 − 𝜆𝑔)
𝜔

𝑀𝑣
𝑀𝑔

+𝜔
, (24) 



where: λg is the thermal conductivity of the dry air, and λv is the thermal conductivity of water vapor. The effective 
thermal conductivity of moist air was modeled in a similar way to the effective conductivity of silica gel, and the 
equation that describes it is the following: 

𝜆𝑚,𝑒𝑓𝑓 = 𝜀𝑏𝜆𝑚. (25) 

The specific surface area for a bed that consists entirely of spherical grains can be expressed as follows: 

𝐴𝑏 =
6(1−𝜀𝑏)

𝑑𝑝
. (26) 

The effective heat transfer coefficient was calculated assuming a regular regime and was based on 
dimensionless relations containing similarity numbers. The equation describing this coefficient can be written 
in the following form: 

𝛼𝑇,𝑒𝑓𝑓 =
𝛼𝑇

√Bi𝑇
2+1.437Bi𝑇+1

, (27) 

where: αT is the heat transfer coefficient, and BiT is the thermal Biot number. This Biot number can be calculated 
using the following formula: 

Bi𝑇 =
𝛼𝑇𝐿𝑐

𝜆𝑝,𝑒𝑓
, (28) 

where: Lc is the solid particle characteristic length, and λp,ef is the effective thermal conductivity of the grains. 
The solid particle characteristic length can be found using the following relationship:  

𝐿𝑐 =
3𝑑𝑝

2𝜋2. (29) 

The effective thermal conductivity of the grain is the average value between the minimum and maximum 
thermal conductivity in the porous particle expressed by the following formula: 

𝜆𝑝,𝑒𝑓 =
1

2
{(1 − 𝜀𝑝)𝜆𝑠 + 𝜀𝑝𝜆𝑚 + [

(1−𝜀𝑝)

𝜆𝑠
+

𝜀𝑝

𝜆𝑚
]
−1

}, (30) 

where εp is the porosity of a solid particle. The following Nusselt number correlation was employed to calculate 
the heat transfer coefficient: 

Nu𝑑 =
2.06

𝜀𝑏
Re𝑑

0.425Pr
1

3, (31) 

where: Red is the Reynold number, and Pr is the Prandtl number. These dimensionless numbers can be 
calculated locally (for each mesh cell) with the following formulae: 

Re𝑑 =
𝜌𝑚𝑢𝑑𝑝

𝜇𝑚
, (32) 

Pr =
𝜇𝑚(𝑐𝑝,𝑔+𝜔𝑐𝑝,𝑣)

𝜆𝑚
. (33) 

The Nusselt number allows finding the heat transfer coefficient using its following definition: 

𝛼𝑇 =
Nu𝑑𝜆𝑚

𝑑𝑝
. (34) 

The effective mass transfer coefficient was calculated using the heat and mass transfer analogy by applying 
the following formula: 

𝛼𝑚,𝑒𝑓𝑓 =
𝛼𝑚

√Bi𝑚
2+1.437Bi𝑚+1

, (35) 

where: αm is the coefficient mass transfer coefficient, and Bim is the mass Biot number found using the following 
relationship: 

Bi𝑚 =
𝛼𝑚𝐿𝑐

𝐷𝑣𝑝,𝑒𝑓𝑓
, (36) 



where: Dvp,eff is the effective vapor diffusivity in the air filling the porous particle. This effective diffusivity is 
calculated with the formula: 

𝐷𝑣𝑝,𝑒𝑓𝑓 =
𝐷𝑣𝑎,𝑠𝜀𝑝

𝜏𝑝
, (37) 

where: Dva,s is the reference moisture diffusivity calculated by Eq. (21) with the silica gel temperature Ts instead 

of the moist air temperature, and τp is the tortuosity of the solid particle. Formulae similar to those used to 
determine the heat transfer coefficient were used to calculate the mass transfer coefficient. In these equations, 
the Sherwood number was used instead of the Nusselt number, and the Schmidt number instead of the Prandtl 
number. By applying the analogy between heat and mass transfer, the correlation given by Eq. (31) can be 
modified, obtaining the following one: 

Sh𝑑 =
2.06

𝜀𝑏
Re𝑑

0.425Sc
1

3. (38) 

The Schmidt number can be found using the following relation: 

Sc =
𝜇𝑚

𝜌𝑚𝐷𝑣𝑎,𝑠
. (39) 

The Sherwood number allows finding the mass transfer coefficient using its following definition: 

𝛼𝑚 =
Sh𝑑𝐷𝑣𝑎,𝑠

𝑑𝑝
. (40) 

Table 3 Fixed physical properties of the model. 

Property Symbol Value 

Porosity of the bed (-) εb 0.6 
Porosity of the particle (-) εp 0.6 
Diameter of the particle (m) dp 0.004 
Tortuosity of the bed (-) τb 1000 
Tortuosity of the particle (-) τp 1000 
Specific heat of dry air at constant volume (J kg-1 K-1) cv,g 719.53 
Specific heat of dry air at constant pressure (J kg-1 K-1) cp,g 1006.43 
Individual gas constant of dry air (J kg-1 K-1) Rg 286.9 
Thermal conductivity of dry air (W m-1 K-1) λg 0.0242 
Dynamic viscosity of dry air (Pa s) μg 0.000017894 
Specific heat of water vapor at constant volume (J kg-1 K-1) cv,v 1408.5 
Specific heat of water vapor at constant pressure (J kg-1 K-1) cp,v 1870 
Individual gas constant of water vapor (J kg-1 K-1) Rv 461.5 
Thermal conductivity of water vapor (W m-1 K-1) λv 0.0182 
Dynamic viscosity of water vapor (Pa s) μv 0.000010057 
Specific heat of liquid water (J kg-1 K-1) cp,H2O 4186 
Specific heat of solid particles J kg-1 K-1) cp,s 975 
Density of solid particles (kg m-3) ρs 2200 
Maximum amount of water the silica gel can absorb (-) a0 0.35 
Characteristic activation energy (J mol-1) βE 3780.8 
Heat of sorption reaction (kJ kg-1) Hr 2415 
Correction parameter (-) n 1.016 
Operating pressure (Pa) pop 101325 

 

The equilibrium moisture content in the solid was modeled based on the Dubinin-Astakhov equation and is 
expressed by the following formula: 

𝑎𝑤,𝑒𝑞 = 𝑎0exp [ − (
𝐴𝑎𝑑

𝛽𝐸
)
𝑛

], (41) 

where: a0 is the maximum amount of water the silica gel can absorb, Aad is the adsorption potential coefficient, 

βE is the characteristic activation energy, and n is the equation parameter. The adsorption potential can be 
found with the following formula: 

𝐴𝑎𝑑 = 𝐵𝑇𝑓𝑙𝑛 (
𝑝𝑠𝑎𝑡

𝑝𝑣
), (42) 



where: B is the universal gas constant, pv is the pressure of water vapor, and psat is the saturation pressure of 

water vapor at temperature Tf calculated by the following expression: 

𝑝𝑠𝑎𝑡 = 3567 exp [−5232 (
1

𝑇𝑓
−

1

300
)], (43) 

and the actual water vapor pressure in the moist air can be found by applying the following relationship: 

𝑝𝑣 =
𝜔𝑝

𝑀𝑣
𝑀𝑔

+𝜔
. (44) 

Some of the physical properties of moist air (used as the working medium), silica gel (used as the 
thermochemical material filling the TES unit), and the structure of the porous bed were assumed to be fixed. 
These properties are listed in Table 3 with their respective descriptions and physical units. Table 4 summarises 
assumed initial and boundary conditions. Initial conditions were the same for the whole domain. All the walls 
of the TES units were assumed adiabatic. 

 

Table 4 Initial and boundary conditions for charging and discharging. 

Initial and boundary conditions Symbol Value (charging/discharging) 

Initial velocity of the moist air in the unit (m s-1) u 0 / 0 
Initial gauge pressure of the moist air in the unit (Pa) p 0 / 0 
Initial specific humidity in the unit (-) ω 0.025 / 0.00062 
Initial mass of adsorbed water in the unit (-) aw 0.32 / 0.035 
Initial temperature of moist air in the unit (K) Tf 303 / 303 
Initial temperature of solid particles in the unit (K) Ts 303 / 303 
Inlet velocity of moist air (m s-1) u 2.5 / 2.5 
Inlet temperature of moist air (K) Tf 363 / 293 
Inlet specific humidity (-) ω 0.0095 / 0.0125 

 

5. Results of the simulations 
The model validation was not conducted at the current model development state, while model verification was 
limited to initial mesh size sensitivity analysis and assessing mass and heat conservation principles. But the 
experimental stand is under development, and the model will be validated in the future. The implemented 
model was used to simulate the charging and discharging of the sorption-based TES unit. Both simulations 
were run twice, using a smaller and larger computational grid. A small time step of 0.02 s was used for all tests 
to improve the equations' convergence rates. Preliminary simulation results were to verify that the implemented 
numerical model is stable and satisfies the basic mass and energy conservation principles. In addition, it was 
checked whether the size of the computational grid impacts the calculated characteristics of heat and mass 
transfer between the reactive bed and moist air. Due to the high complexity of the model, many coupling 
between equations and other parameters, and the resulting huge demand for computing power, the actual 
computation times were about a month for TES discharging and another month for charging. For this reason, 
simulations were stopped at the early stages of the process, and only several minutes of the charging and 
discharging process were simulated. The simulated charging times on the small and large grids are 2630 s 
(131 500 time steps) and 632.54 s (31 627 time steps), respectively. For discharge, the simulated times 
reached 2089.94 s (104 497 time steps) on the small grid and 821.4 s (41 070 time steps) on the large grid.  

After the calculations, it was verified whether the implemented model obeyed the basic mass and heat 
conservation laws at each time step. To do so, the exact amount of masses and energies that were contained, 
entered, and left the system were recorded after each time step. The energy sources in the system were the 
entering air and the heat of the sorption reaction. Water was supplied to the system only through moist air. 
The overall energy balance in the system was calculated in each time step using the following formula: 

(𝐻𝑖𝑛 − 𝐻𝑜𝑢𝑡) + 𝐻𝑟 = (𝑈𝑔𝑎𝑠
𝑡 − 𝑈𝑔𝑎𝑠

𝑡−1) + (𝑈𝑠𝑜𝑙
𝑡 − 𝑈𝑠𝑜𝑙

𝑡−1), (45) 

where: Hin and Hout are entering and leaving air enthalpies, respectively, Ugas is the internal energy of air 

contained in the system, and Usol is the internal energy of solid particles and bounded water. The superscript t 
means the value taken at the actual time step, while t-1 at the previous time step. Similarly, the water and 
moist air balances in the system can be written as: 

(𝑚𝑤,𝑖𝑛 − 𝑚𝑤,𝑜𝑢𝑡) = (𝑚𝑤,𝑔𝑎𝑠
𝑡 − 𝑚𝑤,𝑔𝑎𝑠

𝑡−1 ) + (𝑚𝑤,𝑠𝑜𝑙
𝑡 − 𝑚𝑤,𝑠𝑜𝑙

𝑡−1 ), (46) 

(𝑚𝑎,𝑖𝑛 − 𝑚𝑎,𝑜𝑢𝑡) = (𝑚𝑎
𝑡 − 𝑚𝑎

𝑡−1), (47) 



where: mw,in and mw,out are the masses of water vapor entering and leaving the system, respectively, mw,gas is 

the mass of water vapor contained in the system, mw,sol is the mass of water contained in the silica gel bed, 

ma,in and ma,out are the masses of moist air entering and leaving the system, respectively, and ma is the mass 
of moist air contained in the system. The right-hand sides of Eq. (45)-(47) have been moved to the left to 
simplify the balance evaluation. Thus, properly balanced quantities should take values close to zero. 

 

Table 5 Balances of the energy, the mass of water, and the mass of moist air. 

Average residues per time step Value Simulation time (s) Number of grid elements 

Average residue of energy 
during charging (J) 

1.009210-3 632.54 21 344 

4.261810-3 632.54 346 170 

4.094710-5 2630 21 344 

Average residue of water mass 
during charging (kg) 

5.095910-12 632.54 21 344 

-1.100110-10 632.54 346 170 

1.186110-10 2630 21 344 

Average residue of moist air 
mass during charging (kg) 

1.979810-11 632.54 21 344 

-2.326110-9 632.54 346 170 

3.411210-12 2630 21 344 

Average residue of energy 
during discharging (J) 

-7.042610-4 821.4 21 344 

-1.204310-3 821.4 346 170 

-1.762110-4 2089.94 21 344 

Average residue of water mass 
during discharging (kg) 

9.238110-13 821.4 21 344 

4.961310-11 821.4 346 170 

3.281010-12 2089.94 21 344 

Average residue of moist air 
mass during discharging (kg) 
 

-1.157410-12 821.4 21 344 

-3.251510-11 821.4 346 170 

5.619410-12 2089.94 21 344 

 

Table 6 Differences between results obtained applying a smaller and larger computational grid. 

Simulation result Value Number of grid elements 

Water adsorbed by silica gel 
during discharging (kg) 

0.2261280 21 344 
0.2261438 346 170 

Water desorbed by silica gel 
during charging (kg) 

0.1712517 21 344 
0.1712699 346 170 

Energy released during the 
adsorption reaction (J) 

546099.10 21 344 
546123.98 346 170 

Energy absorbed during the 
desorption reaction (J) 

413572.40 21 344 
413616.44 346 170 

 

The results in Table 5 confirm that the implemented model satisfies the mass and energy conservation 
principles. Although the residues of the energy equation seem quite large, and after multiplying the average 
per time step by the number of time steps, the result on the order of magnitude of 100 J was obtained. But this 
amount is a very small part of the energy released or absorbed during the sorption reaction. For example, the 

average energy residue per time step during charging was 4.261810-3 J, and after 31 627 time steps amounted 
to 134.79 J. But solid particles absorbed 413 616 J of the heat during the desorption reaction. This means the 
error is insignificant and does not affect the simulation result. 

Next, it was also checked whether the size of the computational grid impacted the simulation result, i.e., the 
initial mesh sensitivity analysis was performed. For this purpose, differences in the amount of water exchanged 
between the air and the porous bed as well as stored and released heat in sorption reactions, were checked. 
The operating period that was considered was 632.54 s of charging and 821.4 s of discharging. As can be 
seen in Table 6, the size of the computational grid has a very small effect on the simulated amounts of 
adsorbed and desorbed water as well as absorbed and released heat. 

Exemplary simulation results are shown in Figures 3 and 4. However, only the initial charging and discharging 
phases were simulated due to the long computational times resulting from the model and its implementation 
complexity. Figure 3 shows how the moisture content of the silica gel granules changed as the TES unit was 
loaded. It can be seen that dehydration occurs best on the axis of the storage and near its outer wall. Figure 4 
shows how the temperature of the moist air in the TES unit changes as it is unloaded. The silica gel granules 
adsorb water and, as a result, warm up and transfer heat to the flowing air. Here, too, it can be seen that the 
process is faster at the axis and near the wall of TES. Sorption and heat transfer processes occur fastest in 
axial and wall regions, most likely due to higher air velocity than in other storage zones. This higher velocity 



results in a higher local Reynolds number making mass and heat transfer coefficients more intensive there. 
The air velocity distribution at the entrance to the porous bed results from the shape of the diffuser before the 
bed. The air with the highest momentum flows in the axis (the core of the flow), while at the outer walls, vortices 
are formed just in front of the bed in the central part of the diffuser, which improves mass and energy convection 
in the bed close to walls. 

 

Figure. 3. The contour of water content aw in silica gel during charging at 2 min (upper) and 10 min (lower) of 
simulation. 

 

Figure. 4. The contour of moist air temperature during discharging at 2 min (upper) and 10 min (lower) of 
simulation. 

6. Conclusions 
The paper presents the concept of an advanced multi-dimensional TChES system model. The model simulates 
the charging/discharging of a low-temperature TChES unit that operates in an open system. The gaseous 
working medium (moist air) provides and removes heat and moisture from the unit. The porous thermochemical 
material stores the heat due to hydration/dehydration reversible reactions. The model's main feature is that it 
treats rigorous phenomena occurring in the TChES unit. It accounts for local hygric and thermal non-
equilibrium by treating heat and moisture carrier fluid and reactive porous bed separately. Therefore, two sets 
of governing equations have been derived, i.e., one dealing with moisture transfer in the air flowing through 
the porous bed and the second one with phenomena occurring in the reactive porous bed. The model can 
simulate the chemical and physical sorption process occurring in the TES unit. 

Currently, the proposed model has been simplified and modified to simulate the sorption/desorption TES unit. 
It was implemented in 2D axisymmetric space by applying commercial software ANSYS Fluent and its 
advanced customization options, i.e., UDS, UDF, and UDM. The model was tested regarding the initial mesh 
size sensitivity and obeying mass and energy conservation principles. The obtained results were physical. It 
turned out that the current model implementation is very computationally inefficient, i.e., the computational 
time is very long. Therefore, only several minutes of the discharging and charging processes were simulated. 



These problems with long simulation times were probably related to many couplings between different 
equations and properties, which are not necessarily required and have not necessarily meaningful impacts on 
the model's accuracy. But they could significantly decrease the convergence rates. So further work will be 
devoted to optimizing model implementation and improving convergence rates by decoupling model equations 
and properties and testing different numerical techniques for solving governing equations.  
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Abstract:
Thermal energy storage (TES) is a key issue in efficient energy system applications, especially in the context
of renewable energies. In this respect, phase change materials (PCM) have attracted interest as an active
solution for efficient energy management, particularly in the building sector. This paper presents a modeling
of a thermal battery based on PCM in the case of solar systems assisted by heat pump (SAHP). The storage
tank allows to store the heat produced via unglazed solar panels (Batisol®) and represents the heat source
of the heat pump. The heat pump can supply the heating and domestic hot water (DHW) needs of a building.
The storage consists of a block of PCM contained between two plates of heat transfer fluid (HTF). A 2D model
is used to describe the behaviour of the PCM and a 1D model is preferred for the HTF plates. The objective
of the study is to dynamically simulate the thermal behaviour of this storage for different hot inlet temperature
profiles: step, trapezoidal functions and profile of the temperature at the outlet of the thermal panels for a winter
and summer period of 8 days. This 2D model would be useful to validate a simpler model for optimisation of
the operational parameters of the system.

Keywords:
Thermal energy storage, Phase change material, Solar system assisted heat pump, Domestic hot water, Low-
temperature heating.

1. Introduction
In order to limit temperature rise, it is important to reduce the environmental impact of energy production and
consumption. According to the International Energy Agency [1], the building sector is considered to be one of
the largest energy end-use sectors in the world. The growing demand for energy is increasing the pressure
on the environment. One of the main challenges to reduce the environmental impact of buildings is therefore
to replace fossil fuels with renewable resources. Thermal energy storage (TES) has been particularly studied
in recent years as it is essential to compensate for the intermittency of renewable energies, by correcting
the mismatch between energy supply and demand [2]. Moreover, TES are increasingly used to meet the
heating and cooling needs of buildings. There are three types of TES: sensible, latent and thermochemical
[2]. Phase Change Materials (PCM) are materials that can store large amounts of thermal energy in the
form of latent heat of fusion when they change from a solid to a liquid state for example at a specific phase
change temperature or temperature range if the PCM is not a pure compound. This phase transition process is
reversible, allowing thermal energy to be stored and released at relatively constant temperatures. Compared
to sensible heat storage materials, PCM offer several significant advantages, like a higher heat storage density
at small temperature ranges [3]. PCM can store between 5 and 14 times more thermal energy per unit volume
than sensible heat storage materials [4]. As a result, the use of PCM can help to reduce the size of heat storage
systems, making them more suitable for residential applications. Thermochemical storage is more interesting
in terms of storage density. However, this technology is less mature than that with PCM.
Solar systems assisted by heat pump (SAHP) can provide an efficient and environmentally friendly heating



and cooling solution for residential and commercial buildings. The role of a heat pump in the heating system is
to increase the thermal energy from a lower temperature level to a higher temperature level [5]. Moreover, the
use of PCM heat storage between the solar facade and the heat pump can improve the overall performance of
the SAHP. Several studies have been conducted to assess the benefits of using PCM in SAHP [6–9]. Firstly,
the solar energy stored in the PCM unit can be used as a heat source for the evaporator in the heat pump.
As a result, the temperature of the evaporator is almost constant and the heat pump can operate under more
stable conditions. This leads to a better Coefficient of Performance (COP) for the heat pump.
Depending on the type of application at the output of the heat pump (heating, cooling), the temperature levels
are not the same and therefore the PCM used changes [6]. Four temperature ranges have been listed by Du
et al. [6]: low (-20 to 5°C), medium-low (5 to 40°C), medium (40 to 80°C) and high (80 to 200°C) temperatures.
For a heating or domestic hot water applications, the medium temperature level is considered since the buffer
tank temperature setpoint is usually expected at 60°C. Many studies have been carried out on such systems
[6, 8–10]. However, as each storage is different (size, design and PCM used in particular), it is important to
model its thermal behaviour correctly in order to explore the optimal operating parameters later.
The objective of this paper is to dynamically simulate a TES based on PCM integrated on SAHP. In a first part,
the methodology and the case study will be presented. Then, several operating scenarios will be investigated
in the results section. The profile of the hot temperature entering in the thermal battery will be a step, then a
trapezoidal function, and finally this of the outler temperature of thermal panels in winter and summer periods
using measured climatic conditions as boundaries. Finally, last part will conclude.

2. Material and Methods
This section is divided in three parts. Firstly, the global system is described, composed by solar thermal panels,
PCM battery and heat pump. In next steps, the models of the different components of the system are defined.
Dynamic models are based on the conservation of mass and energy equations.
2.1. Definition of the system
The studied system is composed of solar panels, a TES based on PCM, and a heat pump, as illustrated in Fig.
1. The system is divided in three circuits. The first, connecting the solar facade to the buffer tank, is made up
of glycol. The second circuit, connecting the thermal battery to the heat pump, is composed of water. An air
heater is integrated in parallel with the solar storage to supply heat to the heat pump when the temperature
of the thermal battery is not high enough. The last circuit, also made of water, connects the PCM battery for
heating and domestic hot water (DHW) to the heat pump.

Figure 1: Global diagram of the solar assisted heat pump with thermal battery based on PCM.

The solar facade is composed of unglazed thermal panels (Batisol®) [11, 12], developed by Nobatek/INEF
4 [13]. The dimensions of the PCM-based storage are 0.4 m x 0.4 m x 0.4 m (Fig. 2a). The heat pump
can produce both low temperature heating and DHW for a building application. The same thermal battery is
used for the DHW and buffer tanks. Only the PCM changes between the two batteries, to match the desired
temperature level. For the buffer tank, a mixture of 61.5% capric acid and 38.5% lauric acid (C-L acid) is used.
Its melting temperature is 291.95 K. For the heating PCM battery, octadecanol is prefered. Indeed, its melting
temperature is 332.46. The thermophysical properties of these materials are depicted in Table 1.



Table 1: Thermophysical properties of C-L acid [14] and octadecanol.

Name Value for C-L acid Value for octadecanol Unit
Tm 291.95 332.46 K
L 140.8 · 103 208.45 · 103 J/kg

ρPCM 897.5 850 kg/m3

cp,l 1970 1750 J/kg/K
cp,s 2240 2150 J/kg/K
λs 0.143 0.301 W/m/K
λl 0.139 0.205 W/m/K

2.2. Model of the Batisol® panels
The model of the thermal solar facade was described previously by Bouzouidja et al. [15]. From the time-
varying input parameters, taken from a weather file, and the operating parameters, the temperature at the
panel outlet is determined [15]:

Tout ,sol =
Tin,sol · ṁ · cp,H + α · Asol · (0.5 · Tin,sol − Text ) + Gsol · Asol · γ

ṁ · cp,H − 0.5 · α · Asol
(1)

Where Tin,sol and Text are the temperatures at the entrance to the solar facade and outside (K ), Asol the surface
of the solar facade (m2), Gsol the solar flux (W/m2), ṁ the low rate of the Heat Transfer Fluid (HTF) circulating
in the thermal panels (kg/s) and cp,H the specific heat capacity of the hot fluid (glycol) (J/(kg · K )). The
coefficients α and γ have been determined experimentally (γ = 0.63). The first one depends on the wind
speed:

α = −(7.84 + 3 · vwind ) (2)

2.3. Model of the thermal energy storage based on phase change material
In order to model the behaviour of latent heat storage, the following simplifying assumptions have been made:

• Natural convection is neglected. Only conduction is considered,

• No supercooling or superheating,

• Incompressible and Newtonian HTF,

• Kinetic and potential energy variations are neglected,

• Isothermal phase change (Octadecanol is a pure body so this assumption is correct. Since C-L acid is
a mixture, the phase change temperature range is between 291.65 and 292.25 K [16]. As the melting
temperature of this PCM is considered to be 291.95 K, the uncertainty of this assumption is +/- 2%),

• Density variation of PCM neglected during the phase change,

• Thermophysical properties are independent of temperature, but different for liquid and solid phases,

• The storage walls are assumed to be perfectly insulated (adiabatic boundary conditions) (Fig. 2b).

The shape of the thermal battery and its operation are described schematically in Fig. 2. The PCM is placed
between two plates where the HTF circulates. Thus, a symmetry plane is visible in the middle of the battery.
During the charging step, hot fluid is injected into the two plates. During the discharging step, cold fluid
is injected. As a result, the charging and discharging steps are carried out separately. The plates where
circulates the HTF are modelled in one dimension, a plug flow being assumed. The PCM part located between
two plates is modelled in 2D because the heat diffusion operates in axial and longitudinal directions.
Fins are added to the plates to increase the contact area between the PCM and the HTF. To account for the
fins, the effective conductivity of the PCM is expressed as:

λeff = a · λPCM + (1 − a) · λfin = a · (λs + fl · (λl − λs)) + (1 − a) · λfin (3)

Where a is the proportion of PCM in the volume under consideration (−), λPCM , λs, λl et λfin are respectively
the thermal conductivities of the PCM, the solid and liquid phases of the PCM and the fins (W/m/K ), and fl
the liquid fraction of the PCM (−).
The enthalpy, the temperature and the liquid fraction of the PCM (according to x and y), and the temperature
of the hot HTF (according to y) are determined with 4 to 11.



Figure 2: Diagram of the dimensions of the PCM-based thermal battery (a), and diagram of the PCM-based
thermal battery with two plates for the charging and discharging steps (b).

• Exchanges between the HTF (hot or cold) and the PCM:

For hot fluid:

ρH · V · cp,H
∂TH

∂t
− ṁH · cp,H · ∂TH

∂y
· P = hH · A · (TH − TPCM ) + λH · V · ∂

2TH

∂y2 (4)

For cold fluid:

ρC · V · cp,C
∂TC

∂t
+ ṁC · cp,C · ∂TC

∂y
· P = hC · A · (TC − TPCM ) + λC · V · ∂

2TC

∂y2 (5)

• Exchanges in the PCM:

∂HPCM

∂t
=
∂λeff

∂x
· ∂TPCM

∂x
+
∂λeff

∂y
· ∂TPCM

∂y
+ λeff ·

∂2TPCM

∂x2 + λeff ·
∂2TPCM

∂y2 (6)

HPCM (TPCM ) = fl ·Hl +(1− fl ) ·Hs = ρPCM · ((cp,s + fl · (cp,l −cp,s)) ·TPCM +L · fl − fl · (cp,s + fl · (cp,l −cp,s)) ·Tm) (7)

fl =


0 for HPCM < Hs

HPCM−Hs
Hl−Hs

1 for HPCM > Hl

(8)

• Boundary conditions for the PCM in contact with hot (during charging step) or cold (during dis-
charging step) HTF:

For hot fluid (for x = 0 and 0.4 m):

hH · (TH − TPCM ) = −λeff
∂TPCM

∂x
for x = 0 m and hH · (TH − TPCM ) = λeff

∂TPCM

∂x
for x = 0.4 m (9)

For cold fluid (for x = 0 and 0.4 m):

hC · (TC − TPCM ) = −λeff
∂TPCM

∂x
for x = 0 m and hC · (TC − TPCM ) = λeff

∂TPCM

∂x
for x = 0.4 m (10)

• Boundary conditions for the PCM in contact with the outside (adiabatic conditions):

λeff
∂TPCM

∂y
= 0 for y = 0 and 0.4 m (11)

• Initial conditions: All temperatures are fixed at 283.15 K. The enthalpy of the PCM is determined by 7
at 283.15 K. The liquid fraction is considered equal to 0.



Where hH and hC are the convective exchange coefficients of the hot and cold fluid respectively (W/m2/K ), TH ,
TC , TPCM and Tm are the hot and cold temperature, the temperature of the PCM and the melting temperature
of the PCM, L the latent heat (J/kg), ρMCP the PCM density (kg/m3), cp,l and cp,s are the specific heat capacity
of the liquid and solid phases respectively (J/kg/K ), P the exchange perimeter (m), A the exchange area (m2)
and V the volume of the representative element considered (m3). The convective exchange coefficients are
determined from the Nusselt number, assuming that the wall thickness of the plate is very thin and therefore
negligible.
The boundary conditions of the thermal battery depend on the configuration studied. Four scenarios have
been investigated. Firstly, the profile of hot temperature entering the thermal battery follows a step. In a second
stage, it is a trapezoidal function. Finally, the battery based on PCM is connected to the Batisol® panels and
two periods of 8 days are simulated: winter (from January 1 to 8) and summer (from July 1 to 8). In the latter
two cases, the profile of the outlet temperature of the solar panels is used as input to the PCM:

TH (x , y = 0.4, t) = Tout ,sol (12)

2.4. Resolution of the differential algebraic equations and software used
The software used to model the system is OpenModelica v1.18.0. The Modelica library (v3.2.3) is consid-
ered. The spatial discretisation is performed manually while the temporal discretisation is performed via the
DASSL integrator available on OpenModelica. The tolerance used in the DASSL integrator is 10−6. For the
PCM-battery model, equations are discretised using an explicit second-order discretisation scheme with finite
differences. For the boundary conditions (9 to 11), second-order decentred schemes are used.

3. Results and Discussion
This section is divided into three parts. The first one aims at studying the behaviour of PCM-based TES for
a hot inlet temperature profile following a ramp (case 1). The second part investigates the behaviour of the
system under trapezoidal loads (case 2). Finally, the battery is connected to the Batisol® solar facade and
an 8-day simulation is performed for two periods of the year: from 1 to 8 January (winter, case 3) and from 1
to 8 July (summer, case 4). The hot HTF temperatures investigated at the buffer tank inlet are shown in Fig.
3. The colours red, green, blue and yellow refer to cases 1, 2, 3 and 4 respectively. For the next figures, the
coordinates (x = y = 0 m) are placed at the bottom left of the PCM in Fig. 2.

Figure 3: Four hot temperatures profiles considered at the input of the PCM-based TES battery.

The simulation times are relatively fast for simulating 8 days (6.912 · 10−5 s) on a standard laptop (processor:
12th Gen Intel®Core(TM) i7-12700H 2.69 GHz and RAM: 32 Go). They amount to 30 s and 2 min for cases
1 and 2 respectively. When the weather file is used and the Batisol® thermal panel model is added, the
simulation times are slightly longer but remain below 5 min.
3.1. Profile of the hot inlet temperature following a step
For the case 1, the input temperature profile follows a ramp from 283.15 to 363.15 K in the first second of the
simulation. The evolution of the liquid fraction and the temperature of the PCM in the tank are studied in Fig.
4 over time for the first slice of PCM in contact with the hot plate (for x = 0 m), according to the vertical. The
colours purple, green and red refer to the high (y = 0.4 m), middle (y = 0.2 m) and low (y = 0 m) parts of the
PCM respectively. Solid lines are used for the temperature and dashed lines are preferred for the liquid fraction.
The same marking and colour code will be used in the following sections. Initially, the PCM is in the solid state



(fl = 0) at 283.15 K. Its temperature increases until it reaches the melting temperature (291.95 K) at 18.2 s for y
= 18 (in purple), the top of the PCM in contact with the hot plate. This temperature is reached at 20.8 s for the
middle of the PCM (in green), and 23.2 s for the bottom of the PCM (in red). From these times onwards, the
temperature of the PCM remains constant while the liquid fraction increases until it reaches unity, indicating
that all the PCM has changed from the solid to the liquid state. This event occurs at 78.0, 82.1 and 87.5 s for
the top, middle and bottom of the PCM respectively. From then on, the liquid fraction remains constant and the
temperature of the PCM gradually increases, while approaching the temperature of the hot HTF.

Figure 4: Case 1: Temperature and liquid fraction evolution for the first PCM layer in contact with the hot plate
(x = 0 m) and for y = 0, 0.2 and 0.4 m.

The evolution of these two variables has also been studied for different values of x in Fig. 5. As the battery
is symmetrical, only the coordinates at x = 0 (in red), 0.06 (in yellow) and 0.2 m (in green) are presented for
the sake of clarity. In this case, the profiles are clearly different. The phase change from solid to liquid state is
clearly visible for the first layer in contact with the hot plate. For x = 0.06 m, the temperature evolves linearly
without reaching the melting temperature. As a result, the liquid fraction remains constant and equal to zero.
For the PCM in the middle of the battery (x = 0.2 m), the temperature remains almost constant (283.15 K),
indicating that the heat has not reached the core of the battery in 150 s.

Figure 5: Case 1: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and 0.2
m) for the PCM layer in the middle (y = 0.2 m).

Figures 4 and 5 show the interest of considering a 2D model for PCM tank, according to longitudinal (x) and
vertical (y) directions, since the temperatures in the PCM are different in both directions.
3.2. Profile of the hot inlet temperature following a trapezoidal function
Before studying the thermal behaviour of the storage connected to the solar facade, a trapezoidal function is
used to simulate the evolution of the hot temperature at the battery inlet (Fig. 3). The period of this function
is decomposed on 28800 s of width, 16200 s of rising , 7200 s of width, 14400 s of falling, for a total period
of 86400 s. The temperature and liquid fraction are studied as before, for the first slice in contact with the hot



plate (for x = 0 m) (Fig. 6), and the slice in the middle of the PCM (for y = 0.2 m) (Fig. 7). The same evolution
as for the ramping test is observed. In a first step, the temperature of the PCM increases until it reaches the
melting temperature of the PCM (at 30634 s) (Fig. 6a). Then the liquid fraction increases until it reaches unity
(Fig. 6b). At this point (31049 s), the temperature of the PCM increases again (Fig. 6a). The temperature of
the PCM follows the temperature of the hot HTF at the battery inlet, with an average difference of less than 6%.
In order to store as much heat as possible and not send it to the solar circuit, it can be interesting to stop the
charging step when the temperature of the PCM becomes higher than that of the hot coolant. Figure 6 shows
that this moment occurs at 52200 s.

Figure 6: Case 2: Temperature and liquid fraction evolution for the first PCM layer in contact with the hot plate
(x = 0 m) and for y = 0.2 m (a), focus on the phase change between 30634 and 31049 s (b).

Figure 7a shows the evolution of the temperature and liquid fraction of the PCM in the longitudinal direction (x
= 0, 0.06 and 0.2 m) for the PCM layer at y = 0.2 m. The difference in temperature is clearly visible for the three
curves. The further the PCM is from the hot plates, the lower its temperature and the longer the phase change
takes. The heat propagation is thus clearly visible along the PCM. The core of the PCM (x = 0.2 m in green)
takes the longest time to melt, but also to solidify as the hot inlet temperature decreases. The change from
liquid to solid state is thus much longer (13 times longer) than for the PCM layers closer to the hot plate. For
the yellow curve (x = 0.06 m), after the phase change, slight instabilities are visible in the PCM temperature.
This must be due to the discretisation step and/or the discretisation scheme, whose order should be increased
to be more accurate, and/or the DASSL integrator whose tolerance must be increased. The phase change
step is significantly larger for x = 0.2 m. This is because the heat propagates from layer to layer. During the
phase change of a PCM layer, all the energy required to achieve the phase change is absorbed. Therefore,
for the liquid fraction of the layer x = 0.2 m to fluctuate, the liquid fractions of the previous layers must already
have reached an equilibrium (solid or liquid state). This is illustrated in Fig. 7b, which shows a zoom of the
transition from solid to liquid state (between 31000 and 35000 s) for the layers x = 0 (in red), 0.02 (in purple),
0.04 (in blue) and 0.06 m (in yellow). It can be seen that the liquid fraction of the next layer increases when the
liquid fraction of the layer under consideration has reached 1. As a result, even if the melting temperature of
the PCM has been reached for a PCM layer, it is necessary to wait until the change of state has taken place in
the layers closer to the hot plates before the phase change begins in the PCM layer.
3.3. Profile of the hot inlet temperature following the outlet temperature of the Bati-

sol® panels
When the PCM-based storage is connected to the Batisol® thermal panels, the temperature of the inlet hot
HTF is calculated by 1. The surface area of the thermal panels is 25.5 m2 (5 m wide by 5.1 m long). The
surface area consists of 16 panels with 24 channels. Meteorological data from Cholet (next to Nantes) in
2021, in the northwest of France, are used. Figure 8 presents the evolution of the solar power and the outdoor
temperature for the 2 periods (winter and summer) considered. The solar power amounts to 112 W/m2 over
the 8 winter days considered, whereas over the summer period considered this value is 2.5 times higher. The
average outdoor temperature is 280 K and in summer 291.83 K. These two periods were chosen to represent
different types of days, with more or less sunshine and wind, cold or hot outside temperatures (Fig. 8). In
addition, 8-day periods were considered in order to determine the capacity of the battery to store heat during
renewable energy intermittencies and day/night alternations.



Figure 7: Case 2: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and 0.2
m) for the PCM layer in the middle (y = 0.2 m) (a), focus on the phase change of the first four PCM layer (from
x = 0 to 0.06 m) (b).

Figure 8: Cases 3 and 4: Evolution of solar power and outdoor temperature over the 8 days studied in winter
and summer.

3.3.1. Winter period

The winter period chosen to simulate the behaviour of the PCM battery is from January 1 at 0am to January 8
at 23pm. In order to simplify the understanding of the graphs over longer periods (8 days), only the temperature
and liquid fraction of the middle cell (y = 0.2 m) of the layer in contact with the hot plate (x = 0 m) are considered
in Fig. 9. Over the 8 days simulated, the temperature at the exit of the solar facade is only higher than the
melting temperature of the PCM on four days (Fig. 3). The PCM temperature exceeds the melting temperature
only on January 1, 2, 3 and 7, as shown in Fig. 9. Indeed, the liquid fraction remains zero except between
11.15am and 4.5pm on January 1st, between 12.4pm and 16pm on January 2, between 14pm and 15.15pm on
January 3, between and 13pm and 15.5pm on January 7. On other days, the PCM never reaches the melting
temperature. Nevertheless, heat is stored in the solid state, as with sensible TES but with low efficiency. Fig.
9 shows that it is important to choose a material with a melting temperature that is not too high in order to take
advantage of the phase change. If the melting temperature was 298.15 K (291.95 K for C-L acid), the PCM
would not have changed state during the winter period under consideration. As a result, the use of PCM-based
storage would not be interesting.
The temperature of the PCM in contact with the hot plate is almost as high as that of the hot HTF at the inlet,
with an average difference of 0.3% over the 8 days. Figure 10a shows the evolution of the temperature and
liquid fraction for the PCM layer at y = 0.2 m and for x = 0 (in red), 0.06 (in yellow) and 0.2 m (in green). As
seen earlier, the temperatures are lower and lower from the outside of the PCM towards the inside. Indeed,



Figure 9: Cases 3 and 4: Temperature and liquid fraction evolution for the first PCM layer in contact with the
hot plate (x = 0 m) and for y = 0.2 m.

the green curves show that the PCM has not changed state in the middle of the thermal battery. Furthermore,
Fig. 10 shows the heat propagation along the PCM, with lower temperatures at the ends of the PCM, after
the hot temperature at the inlet is decreased (after 60000 s). In general, the heat propagates well in the PCM,
since the temperature differences between the different layers of PCM in the hot HTF are less than 0.8%. The
instabilities visible at x = 0 and 0.06 m are due to the slight change in temperature at the outlet of the thermal
panels (red dotted line in Fig. 10a), which of course depends on the weather conditions. These instabilities
appear at the extremities of the PCM close to the hot plates (such as at x = 0 and 0.06 m) but not at the centre
of the PCM (at x = 0.2 m). As seen previously, the liquid fraction of the x = 0.2 m layer remains zero while the
melting temperature has been reached (291.95 K at 53100 s). This is due to the liquid fractions of the layers
closer to the hot plate, which have not all reached unity. The output temperature of the solar panels decreases
from 47483 s onwards, and consequently the energy supplied to the PCM. As a result, the middle layer (x =
0.2 m) has not received enough energy to make its phase change. Figure 10b is a zoom of the phase change
(solid to liquid) in Fig. 10a. Before a layer changes phase, it is necessary that the liquid fraction of the previous
layer has reached unity. Figure 10b shows this clearly, with the increase from 0 to 1 in the liquid fraction at x =
0 m (38900 to 40440 s), then that at x = 0.02 s (40440 to 42747 s), then that at x = 0.04 m (42747 to 44826 s)
and finally that at x = 0.06 m (44826 to 47470 s).

Figure 10: Case 3: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and
0.2 m) for the PCM layer in the middle (y = 0.2 m) (a), focus on the phase change of the first four PCM layer
(from x = 0 to 0.06 m) (b).

3.3.2. Summer period

The summer period chosen to simulate the behaviour of the PCM battery is from July 1 at 0am to January 8 at
23pm. The temperature and liquid fraction at x = 0 m and y = 0.2 m are shown in the same figure as the winter
period (Fig. 9). The temperature of the hot HTF at the storage inlet is significantly higher than during the winter



period (up to 340 K vs 296 K as illustrated in Fig. 3). The differences between the maximum temperatures
expected by the hot fluid at the outlet of the thermal panels range from 2% (January 7 and July 7) to 16%
(January 8 and July 8). On average the temperatures are 8% higher in summer. As a result, the behaviour
of the PCM is also different between winter and summer periods, with phase changes occurring less often in
winter. The advantage of using PCM in summer is therefore much greater, since it is possible to limit the size
of the battery thanks to the change in the state of the material, unlike the use of sensible storage. Even on less
sunny days such as July 6, when the temperature of the hot HTF does not exceed 297 K, there is enough heat
to allow the PCM to change state. The PCM remains in a liquid state longer than in winter, between 7am and
midnight on average over the 8 days considered.
As for the winter period, the difference between the temperature of the PCM in contact with the plate and
that of the hot HTF is small (0.5% difference on average over the 8 days). Figure 11a shows the evolution
of the temperature and liquid fraction for the PCM layer at y = 0.2 m and for x = 0. (in red), 0.06 (in yellow)
and 0.2 m (in green). The temperature differences from the outside to the inside of the PCM are also clearly
visible. From 16.4pm onwards, the temperature of the PCM in the core of the battery is higher than that of
the PCM in contact with the hot plate. It would therefore be interesting to stop the charging step and start the
discharging step by switching the hot (solar system) and cold (heat pump) inputs. The same instabilities as for
winter period appear in Fig. 11a for the same reasons (small fluctuations of the temperature at the outlet of the
thermal panels due to climatic conditions). The phase change zoom of the first four layers is illustrated in Fig.
11b (for x = 0 (in red), 0.02 (in purple), 0.04 (in blue) and 0.06 m (in yellow)).

Figure 11: Case 4: Temperature and liquid fraction evolution in the longitudinal direction (for x = 0, 0.06 and
0.2 m) for the PCM layer in the middle (y = 0.2 m) (a), focus on the phase change of the first four PCM layers
(from x = 0 to 0.06 m) (b).

The energy stored by the thermal battery for the two periods considered (winter and summer) is given in Table
2. During the winter period under consideration, the average stored energy is 164 Wh per day. In summer,
this value is 6 times higher. The sunniest days (January 1st in winter and July 8 in summer) store 5 to 7.5
times more energy than the days less suitable for thermal collectors (January 6 and July 6). On average, the
PCM battery can store 2.6 kWh/m3 per day of energy in winter and 6.6 kWh/m3 for January 1st. In summer
this value reaches 15.1 kWh/m3 per day on average and 29.3 kWh/m3 for July 8. The benefit of PCM is clearly
visible in summer, with almost 6 times more energy stored by the battery than in winter, partly due to the more
frequent phase changes.

Table 2: Energy stored in the thermal battery per day (Wh).

Period Minimal value Maximal value Mean
Winter 56 (January 6) 423 (January 1st) 164

Summer 385 (July 6) 1877 (July 8) 964

4. Conclusion
A dynamic model of a SAHP based on the use of thermal panels (Batisol®) and a latent heat storage was
presented. This system aims to provide the heating and domestic hot water needs of a building. The TES is



composed of a PCM contained between two plates where HTF circulate. During the charging step, the hot
HTF is fed by the thermal panels. During the discharging step, the direction of the fluid is reversed and the cold
HTF is fed by the heat pump.
The thermal behaviour of the PCM tank is studied for four different profiles of the charging temperature: ramp-
ing, trapezoidal functions, temperature at the outlet of the thermal panels in winter (from January 1 to 8) and
in summer (from July 1 to 8). The simulations carried out in OpenModelica showed the behaviour of the PCM
during the phase change. The developed model showed the importance of choosing a PCM with a melting
temperature range suitable for the studied application. In winter, only the sunniest days allows the PCM to melt
while in summer the phase change occurs every day. On average, this thermal battery can store 6.6 and 15.1
kWh/m3 per day of energy in winter and summer respectively.
The simulations showed that the 2D model of the system is necessary to take into account the horizontal and
vertical temperature variations in the battery. This model will be further validated with experimental data. It will
also allow the development and the validation of a simpler model. The final goal will be to optimise the SAHP
system on its operational parameters with the simpler model.
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Nomenclature

Letter symbols

a proportion of PCM in the volume considered,

A exchange surface, m2

cp specific capacity, J/(kgK)

fl liquid fraction,

Gsol solar flux, W/m2

h heat transfer coefficient, W/m2K

H enthalpy (including sensible and latent forms), J/m3

L latent heat, J/kg

ṁ mass flow rate, kg/s

P exchange perimeter, m

T temperature, K

vwind wind speed, m/s

V exchange volume, m3

Greek symbols

λ thermal conductivity, W/m/K

ρ density, kg/m3

Subscripts and superscripts

C Cold HTF

eff Effective

ext Exterior/Outdoor

fin Fin

H Hot HTF



in In

l Liquid phase

m Melting

out Out

PCM PCM

s Solid phase

sol Solar
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Abstract: 

The present work focuses on two particular performance indicators for hydrogen storage solutions based on 
the thermal integration of metal hydrides (MH) with phase-change materials (PCMs): i) the (specific) discharge 
power and ii) the system-level volumetric capacity. The paper first condenses available literature data from 
modelling and experimental activities, and then analyses a basic numerical benchmark of a low-temperature 
MH-PCM system. 
Findings from the literature review show that, due to the interrelation between efficient thermal management 
and hydrogen desorption rate, the selected performance indicators are not independent one from another. It 
is also confirmed that simultaneously achieving high-power (flexibility) and specific capacity (compactness) is 
a challenging goal for such kind of hydrogen storage systems. The parametric analysis of the numerical 
benchmark system suggests that, for a given MH operating pressure-temperature envelope, special care 
should be given in the PCM accurate characterisation and selection, as well as in the quantification of the 
optimal trade-off between the PCM volume and desorption kinetics performance. Furthermore it is found that 
the geometrical distribution of the MH and PCM volumes have a larger than expected impact on the specific 
discharge power. 

Keywords: 

Hydrogen Storage; Metal Hydrides; Phase Change Materials; Power; Volumetric Capacity. 

1. Introduction 
In order to attain a net zero-carbon footprint, it is imperative to produce a substantial share of energy from 
sustainable sources (IPCC, 2022). Hydrogen is currently recognised as an essential element in facilitating the 
incorporation of large-scale renewable energy sources (Bartolucci et al., 2021). It also has the potential to 
become a primary energy carrier, being capable of transporting and distributing energy across various sectors 
and regions while also improving the energy system's resilience by serving as a buffer (Bartolucci et al., 2023; 
Kovač et al., 2021). To establish a commercially sustainable H2 economy, it is crucial to store, transport, and 
distribute H2 as needed for power and heat generation in various applications (Abohamzeh et al., 2021a). 
Recent research published through the H2 Technology Collaboration Program of the International Energy 
Agency has provided a positive outlook on the future prospects of H2-based energy storage. Several studies 
have explored the integration of renewable energy systems with H2 storage to achieve net-zero-emission 
energy systems and sustainable development goals (Petkov & Gabrielli, 2020). The increasing affordability of 
H2 utilization technologies, such as fuel cells, may replace battery storage through electrolysers/H2 storage 
due to their higher efficiency, reliability, and performance (Yue et al., 2021). To present, the cost of H2 systems 
is higher compared to battery systems, but recent research activities on the H2 value chain for various 
applications are anticipated to make them competitive by 2030 (Abbasi & Abbasi, 2011). 

H2 storage techniques can be broadly categorised into two groups: physical storage and material storage. 
Physical storage relies on the principle of compression and liquefaction. In contrast, material storage 
encompasses several systems and provides various utilization methods based on service conditions. 
Currently, the accepted standard for H2 storage is in high-pressure gaseous form, with storage pressures of 
up to 700 bar in steel or carbon fibre reinforced polymeric vessels (Nazir et al., 2020). Compressed H2 (CH) 
technology offers the advantage of fast filling and release rates, as well as lower storage costs. However, CH 
has several well-known limitations, including reduced storage efficiency, limited volumetric storage capacity, 
and safety concerns. Compressing H2 from typical production conditions (20 bar) up to 700 bar results in a 9-
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12% reduction in net energy stored (Nazir et al., 2020). If Type 4 vessels are considered, the effective 
volumetric storage capacity of CH at 700 bar is approximately 25 kg/m3. For stationary applications, it is 
preferable to storage pressures as low as 50 bar or less, for a better integration with renewable H2 generation 
and to operate under safer conditions. However, at 50 bar, the volumetric capacity of CH systems falls below 
2 kg/m3, which would require very large vessels for long-term storage (Abohamzeh et al., 2021b; Maestre et 
al., 2021). 

Metal hydrides (MH) are a promising alternative to replace compressed hydrogen (CH) for stationary 
applications due to their inherently higher volumetric storage capacity and moderate operating pressures and 
temperatures (Bellosta von Colbe et al., 2019; El Kharbachi et al., 2020). Mg-based and intermetallic hydrides 
are the focus of recent MH storage technology development (Ben Mâad et al., 2016; El Mghari et al., 2019, 
2020; Garrier et al., 2013; Marty et al., 2013; Mellouli et al., 2015). Mg-based hydrides have attractive reversible 
gravimetric capacities, material safety, and low cost, but their high reaction enthalpy, high equilibrium 
temperature, and slow kinetics require catalyst particle additions (Pasquini et al., 2022). Intermetallic hydrides 
of the AB2 or AB5 types are preferred thanks to their ease of activation, good reversibility, and comparatively 
fast kinetics (Pasquini et al., 2022). Due to the highly exothermic/endothermic hydrogen absorption/desorption 
reactions, proper active or passive thermal management is necessary for high-power applications involving 
MH storage systems (Facci et al., 2021; Nguyen & Shabani, 2021). Active thermal control allows for effective 
performance tuning, but generates energy losses and may add significant mass and volume at system level 
(Motyka, 2014). Passive thermal control, specifically through the adoption of phase-change materials (PCMs), 
is a promising solution due to its energy efficiency gains and inherent simplicity (Nguyen & Shabani, 2021).  

Darzi et al. (Rabienataj Darzi et al., 2016) examined how hydrogen is charged and discharged into and from a 
cylindrical metal hydride tank made of LaNi5, while also studying the heat transfer to a surrounding jacket filled 
with PCM. El Mghari et al. (El Mghari et al., 2020) analysed five different PCMs and emphasised that the ratio 
of the total heat of diffusion of the PCM to the total heat of reaction of the MH is a significant factor in achieving 
complete hydrogenation of the tank. Alqahtani et al. (Alqahtani, Mellouli, et al., 2020) used numerical methods 
to investigate the hydrogenation and dehydrogenation processes of an MH reactor surrounded by PCM. They 
doubled the number of interfaces between the MH reactor and PCM by encompassing the MH reactor with a 
cylindrical sandwich bed filled with PCM, resulting in an 81.5% and 73% improvement in the time required for 
hydrogenation and dehydrogenation processes, respectively, compared to a conventional MH-PCM system 
that includes only a single PCM tank (Alqahtani et al., 2020b). Ye et al. (Ye et al., 2020, 2021) proposed a 
novel MH-PCM unit where a PCM layer is sandwiched between two layers of MH, which exhibited average 
absorption and desorption rates about 4.5 and 2.4 times higher, respectively, than the traditional cylindrical 
configuration. 

Several authors have examined the advantages of increasing the thermal conductivity of PCMs to improve the 
performance of hydrogen storage. To achieve this goal, various methods have been explored. For example, 
Nguyen et al. (Nguyen et al., 2022) investigated the application of an organic PCM for the thermal management 
of MH hydrogen storage and found that the use of embedded copper foam to enhance thermal conductivity is 
crucial for achieving an adequate power performance. Chibani et al. (Chibani et al., 2022) conducted numerical 
analysis to examine the impact of incorporating PCM into metal foam on the performance of hydrogen 
desorption from MH. Lewis and Chippar (Lewis & Chippar, 2021) studied the charging and discharging of 
hydrogen in a LaNi5-based reactor equipped with PCM and emphasised the influence of metal foam and its 
morphology on hydrogen storage and thermal performance, which can enhance hydriding/dehydriding reaction 
rates. Bourzgarrou et al. (Bouzgarrou et al., 2022) demonstrated that a well-designed U-type heat pipes insert 
in the metal and PCM media can significantly reduce loading time by up to 88%, depending on the melting 
temperature. 

Although the majority of the papers discussed various methods to improve the power and capacity of MH 
tanks, they usually did not consider the overall H2 storage capacity at the system level, neither the 
power/capacity ratio. To address this gap, the authors conducted a thorough analysis of the relevant 
parameters for some of the studies mentioned above, selecting the ones where all the information required 
was directly or indirectly available. The purpose of this analysis was to illustrate the difficulty of simultaneously 
achieving a high discharge power/capacity ratio and a high system-level H2 volumetric storage capacity, as 
depicted in Figure 1. The current paper aims, therefore, in highlighting capacity and power enhancement 
factors through a representative MH-PCM computational framework, targeting at the optimisation of both 
performance indicators.   
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Figure 1. Specific discharge power vs. volumetric storage capacity of MH-PCM systems, literature review. 

 

2. Numerical benchmark 

2.1. Problem and setup description 

A simple vertically oriented cylindrical MH reactor geometry, surrounded by a PCM-filled jacket, has been 
taken as a reference for the numerical analysis part of the present work (Figure 2). An analogous MH-PCM 
system has already been studied during hydrogen filling by two of the authors in a previous publication 
(Bartolucci & Krastev, 2022) , as well as by other researchers (Alqahtani, Bamasag, et al., 2020b) but none of 
them focusing on the specific discharge power vs. volumetric capacity performances. The selected MH is a 
low-temperature intermetallic LaNi5-H2 system, while the PCM is an inorganic LiNO3-3H2O salt hydrate. The 
latter has been recognised in previous research works as one of the best performing PCMs for pairing with 
low-temperature MHs (Bartolucci & Krastev, 2022; El Mghari et al., 2020). The most relevant MH and PCM 
properties are listed in Tables 1 and 2. The baseline geometry is exactly equivalent to the one already 
investigated in (Bartolucci & Krastev, 2022), while it has been subsequently altered to optimise the PCM 
quantity and to test different slenderness factors H/D, with D = 2Ri (see Table 3). 

 

All the simulations here presented are based on the following main assumptions: 

a. the MH-PCM reactors are represented as 2D axisymmetric geometries; 

b. the MH bed volume is kept constant for all reactor geometries; 

c. the external boundaries of the MH-PCM reactor (except for the hydrogen outlet boundary) are all adiabatic; 

d. hydrogen is released from the MH bed at a known and constant pressure (atmospheric pressure); 

e. gaseous hydrogen is assumed to follow the ideal gas law; 

f. the MH bed is considered as an isotropic porous medium with uniform porosity and permeability; 

g. local thermal equilibrium is assumed to hold within the LaNi5-H2 system; 

h. buoyancy is not considered for the heat transfer and melting phenomena within the PCMs; 

i. density of the PCM is considered constant and equal to the average between solid and liquid values; 

j. other thermophysical properties of PCMs vary with temperature according to the available data, unless 
differently specified. 

 

The MH-PCM system bed simulation framework has been implemented in ANSYS® Fluent (ANSYS® 
Academic Research CFD, Release 2020 R2, Fluent User’s Guide, 2020), combining ad-hoc developed User 
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Defined Functions (UDFs) for hydrogen desorption with the enthalpy-porosity method (Voller & Prakash, 1987; 
Voller & Swaminathan, 1991) for phase transition. For a detailed explanation of model equations and of the 
UDF implementation procedure, the reader is redirected to (Bartolucci & Krastev, 2022). References for the 
phase transition modelling can be found also in (Krastev & Falcucci, 2021). All the numerical predictions 
reported here adopt a numerical time step equal to 0.1 s, with a physical simulated time of 104 s. All 
computational grids are made of quad-uniform elements with a 0.5 mm spacing. At the beginning of each 
simulation, the initial temperature of the system is set to 313 K and the pressure inside the MH tank is set at 
the equilibrium value for that temperature. Discharge pressure at the tank outlet is 1 bar. 

 

Table 1.  Main thermophysical and reaction properties of the LaNi5-H2 system. 

Parameters Description Values 

Ad Plateau coefficient (desorption) 10.57 
Bd Plateau coefficient (desorption) 3704.6 K 
Cd Rate coefficient (desorption) 9.57 s-1 
Cp,g Specific heat capacity (gas) 14890 J kg-1 K-1 
Cp,s Specific heat capacity (solid) 419 J kg-1 K-1 
Ed Activation energy (desorption) 16473 J mol-1 

HR Enthalpy of reaction 30478 J mol-1 

 Bed permeability 10-8 m2 

 Bed porosity 0.5 

g Thermal conductivity (gas) 0.1815 W m-1 K-1 

s Thermal conductivity (solid) 2 W m-1 K-1 

g Dynamic viscosity (gas) 8.4 x 10-6 Pa s 

sat Saturated metal density 7259 kg m3 

emp H2-free metal density 7164 kg m3 

w Gravimetric capacity (bed only) 1.32 % 

mLaNi5 Metal mass  0.422 kg 
mH2 H2 storage capacity 5.6 g 

 

 

 

Table 2.  Main thermophysical properties of the LiNO3-H2O PCM. 

Parameters Description Values 

Cpl,PCM Specific heat capacity (liquid) 2770 J kg-1 K-1 
Cps,PCM Specific heat capacity (solid) 1730 J kg-1 K-1 
RCP Liquid-to-solid Cp ratio 1.6 

Lf Latent heat of fusion 296000 J kg-1 
Tm Melting temperature 303 K 

l,PCM Thermal conductivity (liquid) 0.58 W m-1 K-1 

s,PCM Thermal conductivity (solid) 1.32 W m-1 K-1 

R Liquid-to-solid  ratio 0.44 

PCM Dynamic viscosity (liquid) 0.0042 Pa s 

l,PCM Density (liquid) 1780 kg m-3 

s,PCM Density (solid) 2140 kg m-3 

 

 

Table 3.  Dimensional details of the considered jacket-type MH-PCM reactor geometries. 

Parameters Description 
Baseline 
(H/D = 2) 

Optimised 
(H/D = 2) 

Optimised 
(H/D = 1) 

Optimised 
(H/D = 4) 

RH2 H2 outlet radius 0.5 cm 0.5 cm 0.5 cm 0.5 cm 
Ri Internal radius 2.1 cm 2.1 cm 2.65 cm 1.67 cm 
Re External radius 3.45 cm 3.2 cm 4.05 cm 2.55 cm 
H Height 8.5 cm 8.5 cm 5.3 cm 13.4 cm 
H/D Slenderness 2 2 1 4 
VMH MH volume (total) 118 cm3 118 cm3 118 cm3 118 cm3 
VPCM PCM volume 200 cm3 154 cm3 154 cm3 154 cm3 
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Figure 2. Schematic of the jacket-type MH-PCM cylindrical reactor. 

 
2.2. Results 

In this Section, numerical prediction results are shown in terms of the hydrogen discharge dynamics, PCM 
liquid fraction and temperature evolution in the MH and PCM tanks. Figures 3 and 4 compares the baseline 
and mass-optimised reactor configurations, where the same slenderness factor (H/D = 2) for the MH container 
is assumed for both. Note that the PCM mass optimisation was obtained through the following simple 
relationship between the total enthalpy of reaction of the desorbed H2 mass and the PCM latent heat of fusion: 

 

𝑚𝑃𝐶𝑀 =
𝑚𝐻2∙∆𝐻𝑅

𝐿𝑓
 .                                                                                                                              (1) 

   
             (a)                                                                                            (b)  

Figure 3. Comparison between the baseline and mass-optimised MH reactor configurations, in terms of a) hydrogen 

discharge curve and b) PCM liquid fraction over time. 
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Figure 3a confirms that the baseline and mass-optimised configurations have essentially equivalent H2 
discharge performances (both are able to discharge 95% of the absorbed H2 mass within 6800 s, with a 1.2 
% deviation among the two), while Figure 3b evidences that around 20% of the PCM latent heat capacity is 
not exploited in the baseline case. Figures 4a and 4b show that, if the PCM has not undergone full phase 
transition, the MH-PCM system finds its thermal equilibrium close to the melting temperature. Conversely, if 
the PCM fully melts before all the H2 mass is completely desorbed, the system’s equilibrium temperature is 
significantly lower (around 294 K vs. around 302 K) and closer to the MH equilibrium temperature at the 
discharge pressure (around 289 K for this case). The latter is beneficial for a subsequent H2 filling of the MH 
bed, as it would ensure larger temperature gradients between the MH and PCM containers during the initial 
phase of the exothermic H2 absorption process. 

 

  
             (a)                                                                                            (b)  

Figure 4. Comparison between the baseline and mass-optimised MH reactor configurations, in terms of a) volume-

averaged MH reactor temperature and b) volume-averaged PCM jacket temperature over time. 

 

   
             (a)                                                                                            (b)  

Figure 5. Effects of the slenderness factor H/D on the hydrogen discharge performances: a) hydrogen discharge curve; b) 

PCM liquid fraction over time. 
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             (a)                                                                                            (b)  

Figure 6. Effects of the slenderness factor H/D on the temperature evolution: a) volume-averaged MH reactor temperature 

and b) volume-averaged PCM jacket temperature over time. 

Figures 5 and 6 allow to evaluate the effect of the slenderness factor H/D on the MH-PCM system discharge 
dynamics, given the same MH and (optimal) PCM volumes. Raising H/D from 2 to 4 accelerates the hydrogen 
mass discharge  by 37% and thus the average discharge power by 57%. On the opposite, the case with H/D 
= 1 has a 58% slower discharge dynamics compared to H/D = 2, with the 95% mass discharge actually 
occurring around 10700 s after the start of the simulation. These differences are most likely to be related to 
the changes in the radial-wise conductive thermal resistance, as the assumptions listed in Section 2.1 
consistently suggests a quasi-1D conductive heat transfer regime in the radial direction, which is also well in 
line with findings from previous research on cylindrical MH-PCM systems (Bartolucci & Krastev, 2022). 

 

A last series of computations has been performed on the H/D = 2 optimised geometry, changing some of the 
PCM properties within the simulations. Tests have been made with all constant properties and equal to the 

solid-liquid average, as well as with reversed Cp and  liquid-to-solid ratios compared to the actual LiNO3-
3H2O material characteristics. Figure 7 condenses the results obtained, pointing out that: i) using constant and 
averaged properties introduces acceptable deviations from the actual material behavior (less than 10% 
deviation on the 95% discharge time); ii) the PCM Cp phase variations have little to no effect on the H2 
discharge dynamics; iii) during H2 discharge, the PCM starts to immediately solidify at the PCM-MH heat 
transfer interface: the  solid-phase radial thermal conductivity has, therefore, a dominant effect and when it 

falls below the MH effective radial conductivity (Reversed R case) it might significantly slow down discharge 
dynamics. 

   

             (a)                                                                                            (b)  

Figure 7. Effects of changes in the PCM properties on the hydrogen discharge performances: a) hydrogen discharge 

curve; b) PCM liquid fraction over time. 
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Figure 8 resumes the major findings from the numerical simulations, within the context of the literature review 
already presented in the Introduction Section. Unsurprisingly, to reach system-level volumetric capacities 
above 15 kgH2/m3 it is essential to optimise the minimum required PCM mass and an effective first-level 
optimization can be made through simple latent heat-based principles. In that regard, selecting PCMs with 
high densities and latent heat of fusion, such as salt hydrates in the low-temperature PCM range, brings 
obvious additional benefits. 

In terms of specific discharge power, an accurate geometrical optimization of the MH-PCM system, which must 
take into account the actually dominant heat transfer mechanisms, is crucial. Significant improvements can be 
potentially achieved even for very simple cylindrical layouts, with no complex conduction-enhancing solutions 
(e. g. metal fins or foams, blends with graphite fibres or other nano-particles). Still, theoretical and simulation 
based results has to be verified in realistic engineering environments, taking into account some complex 
material behaviour that might have been purposely omitted at modelling level: a typical example, related to the 
findings of the present work, is the well known tendency of salt hydrates to undesired vertical phase separation, 
which might be difficult to control or minimise in slender vertical containers.  

 

 

Figure 8. Specific discharge power vs. volumetric storage capacity of MH-PCM systems, literature review (black 

symbols) and results from the numerical benchmark analysed in the present work (red symbols). 

 

 

4. Conclusions 
From the literature analysis and numerical simulation results shown in this paper, the following conclusions 
can be drawn regarding MH-PCM system performances during hydrogen discharge: 

 although it is often difficult to extract reliable performance indicators from the published works, the 
previously proposed systems cannot generally simultaneously achieve power/capacity ratios and 
system-level volumetric storage capacities above 0.75 kW/kWh and 15 kgH2/m3, respectively; 

 the proposed numerical benchmark demonstrates that, in the case of jacket-like cylindrical MH-PCM 
configurations, these threshold can be exceeded through relatively simple optimization steps, like PCM 
mass optimization and system shape (slenderness factor H/D) optimization; 

 mass optimization of the PCM is essentially linked to the latent heat of fusion, volume optimization 
comes as a consequence once the PCM density is also considered; 
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 for vertically-oriented jacket-like systems, higher slenderness factors significantly increase specific 
discharge power for a given volumetric capacity: is reported that moving from H/D = 1 to H/D = 4 
produces a 150% power gain, peaking at a power/capacity ratio of 0.8 kW/kWh; 

 the influence of the slenderness factor is explained by the quasi-1D nature of the heat transfer 
phenomena in this specific discharge case: heat transfer is dominated by conduction in the radial 
direction and, as such, it is accelerated by lowering the thermal resistance in that direction (smaller 
radial thicknesses); 

 following the previous point, increasing the thermal conductivity in the radial direction both in the MH 
bed and PCM is also beneficial for a power increase; in that sense, on the PCM side the solid phase 
thermal conductivity plays the major role during hydrogen discharge (PCM solidification); 

Future developments will include a further expanded literature research and the analysis of additional 
performance influence factors, such as the hydrogen discharge pressure, alternative MH-PCM system 
geometries, MH pressure-temperature-kinetics envelope.   
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Abstract: 

In the current electricity grids, it is becoming pivotal to install a large amount of storage capacity in order to 
maximize the deployment of renewable energy sources, stabilize the grid, and mitigate electricity price 
volatility. Engineering research focused on improving storage technologies performance aiming to improve 
the round trip efficiency and increase the utilization opportunities. Besides storage implementation, power 
plant flexibility is pursued as well to support electricity grids in the transient stage towards a decarbonized 
energy mix. Recent studies have investigated the possibility of enhancing the flexibility of  Combined Cycle 
Gas Turbine (CCGT) power plants by means of a heat pump and a cold thermal energy storage, this solution 
demonstrated a relevant potential, especially in those locations characterized by warm climates and volatile 
electricity markets. In such a situation is possible to fully exploit the cold thermal energy storage, decreasing 
the net power output, during storage charging in off-peak periods, and boosting it, through inlet cooling, 
during the most profitable periods. This paper performs a techno-economic comparison between cold 
thermal energy storage for gas turbines air inlet cooling and other established energy storage technologies 
(such as pumped hydro, batteries, compressed air, and pumper thermal storage) for time load shifting and 
energy arbitrage on the day ahead market. The analysis is based on Linear Programming (LP) and Mixed 
Integer Linear Programming (MILP) models for the optimization of the dispatch. The impact of market 
parameters on storage technologies performance is investigated and discussed, selecting the best option for 
each considered scenario. 

Keywords: 

Storage; Flexibility; CCGT; Heat Pump; Optimization; Electricity Market;  

1. Introduction 
The awareness about the ongoing climate change due to emissions of Green House Gasses (GHG) has led 
in the last decades almost every country to pledge drastic GHG emission cuts [1] and a complete transition 
to a decarbonized economy is commonly scheduled for the horizon of 2050 or 2070 [2]. The first step of the 
Energy Transition has been the massive installation of electricity generation capacity from Renewable 
Energy Sources (RES). Approximately 2 TW have been installed globally in the period 2010-20, and the 
overall share of electricity generation from RES reached 28%, overcoming 40% in many advanced 
economies even considering a significant contribution of hydropower [3]. Even a higher amount of RES 
capacity is forecast to be installed in the near future (between 2.4 and 3.7 TW by 2027 [4]); indeed, carbon 
intensity targets have been set more and more challenging and the demand for low-carbon electricity is 
expected to grow following the coupling of different energy sectors, such as Heating or Transportation [5]. 

Nevertheless, since the hydropower growth potential is limited, most RES capacity addiction depends on 
solar and wind sources, strongly characterized by discontinuity and stochasticity. Although forecasting of 
RES production in advance has improved significantly, especially thanks to artificial intelligence and data-
driven modeling [6,7], the mismatch between demand and production remains a severe issue and a 
significant amount of green electricity is often curtailed because of an overgeneration or a lack of 
transportation capacity of electricity grids [8]. Curtailments are negligible for PV generation but are relevant 
for wind, Especially in countries characterized by high wind energy shares, i.e., above 30%, up to 10% of 
wind generation can be curtailed [9]. Within this context, energy storage became a pivotal technology that 
must be implemented massively at the grid scale to support the energy transition and maximize the dispatch 
of renewable energy [10]. To be impactful on energy system management, storage must present adequate 
both power and energy sizes, there is no unique definition of grid-scale storage size. However, in this paper, 
1 MW discharge power for at least 1h is assumed as a threshold value. For such applications pumped hydro, 
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electrochemical batteries, compressed air, and pumped thermal energy storages are the most promising 
technologies, there many other solutions have been investigated, but currently present a too-low technology 
readiness level (TRL) on such a scale. 

Besides bulk energy arbitrage, i.e., the action of buying cheap energy during off-peak price periods, storing 
it, and selling it during price-peaking periods, storage technologies can be employed to provide services to 
the grid. This paper focuses only on load time shifting by energy arbitrage as the most relevant use 
considering the energy involved and the pivotal importance to maximize the RES dispatch and reduce the 
carbon footprint of electricity generation. 

Historically the first form of energy storage implemented on a large scale was pumped hydroelectric storage 
(PHS), it represents a variation of conventional reservoir hydroelectric power plants. Energy is stored in the 
form of potential energy of water that is pumped from a lower reservoir to an upper reservoir [11]. PHS is a 
consolidated technology, already implemented widely at the grid scale since the 1970s to absorb the excess 
base load production from coal and nuclear power plants [12]. PHS plants have been installed especially in 
those regions characterized by an existing hydroelectric potential, such as the Alps in Europe, and along 
both the East and West Coast in the US [13]. However, within a liberalized electricity market, oligopolistic 
ownership, especially if both PHS and conventional power plants are managed by the same operator, may 
lead to an under-exploitation of it, as in the case of Italy [14]. In fact, a strategic operation of PHS could 
reflect in social welfare losses [15]. From a technological perspective, PHS is characterized by a Round Trip 
Efficiency (RTE) typically ranging between 70% and 80% even if up to 87% have been claimed [11]. One of 
the major issues of PHS implementation concerns site identification that must satisfy criteria of technical and 
economic feasibility together with social acceptance. A systematic approach for new PHS site identification 
has been developed and applied by Connolly et al. [16]. An interesting variance application concerns 
seawater PHS whose main advantage is to be not subject to the constraint of water availability in the lower 
reservoir [17]. 

Battery Energy Storage (BES) are probably the technology expected to grow more in the next years. 
The International Energy Agency states that, according to the Net zero emission by 2050 scenario, 680 GW 
of BES must be installed by 2030. 16 GW were already installed in 2021 [18]. Various BES types exist, the 
most interesting for large-scale applications include lithium-ion (Li-ion), sodium-sulfur (NaS), lead acid (Pb-
acid), lead-carbon batteries, as well as zebra batteries (Na-NiCl2), and flow batteries. Li-ion BESs represent 
almost the totality of installed grid-scale capacity (92% in the US [19]) mainly because of the round trip 
efficiency of up to 97% DC-DC [20,21], corresponding to 85-95% AC-AC [22]. NaS batteries are available 
since the early 2000s at MW scale [23] and are particularly appreciated for their achievable depth of 
discharge (up to 90%) [21], while the main drawback is the thermal management since they operate in the 
range of 300-350°C, causing up to 20% per day of parasitic losses during idle periods [24]; similar issues are 
presented by Zebra BES [23]. Lead-acid BESs are appreciated for their high recyclability [25] and reduced 
CAPEX even if characterized by a reduced lifespan [21]. Flow batteries use aqueous electrolytes with one or 
more dissolved active species; the electrolytes are stored in tanks, and, pumped through an electrochemical 
cell where energy conversion takes place, because of this architecture this kind of battery shows a unique 
capability to decouple energy and power [26], however, they are characterized by significantly higher energy 
density and lower efficiency. Vanadium redox flow batteries show the best values of RTE but are still limited 
to 75-85% [27]. A relevant issue of BES is the relevance of system degradation and aging: this strongly 
depends on usage mode and should be considered for optimal dispatch [28]. 

Compressed air Energy Storage (CAES), store energy as compressed air, for large applications typically 
underground reservoir are used. Even if porosity and permeability are mandatory requirements, geological 
constraints are not as strict as for PHS [29]. The clean medium, the moderate CAPEX for a unit of stored 
energy, and scalability are the most appreciated features. In contrast, low RTE, reduced depth of discharge, 
and a considerable response time are the main drawbacks [30]. RTE may be increased by advanced 
techniques for managing heat generated during the compression phase. According to these, CAPEX can be 
classified into Diabatic-CAES, more mature but less efficient, wasting compression heat and burning fuel, 
typically natural gas to preheat air before the expansion during the discharge phase, Adiabatic-CAES 
adopting a TES to store the compression heat and release it during the expansion without any fuel 
consumption, and Isothermal-CAES claiming RTE up to 70% but characterized by low TRL [31]. 

Pumped Thermal Energy Storage (PTES), also known as Carnot Batteries, is a type of energy storage 
system that uses thermal energy to store and release energy. PTES systems store energy by pumping a 
heat transfer fluid between two reservoirs at different temperatures. During the charging phase, power is 
used to drive a heat pump and transfer heat from the colder reservoir to the hotter one. To discharge the 
storage, the process is reversed, and the heat transfer fluid is pumped back from the hotter reservoir to the 
colder one, generating electricity in the process. PTES potential advantages for grid-scale applications 
include long cycle life, low life-cycle environmental impact, and appreciable energy density. However, the 
main drawback is a low RTE, which is typically in the range of 40-70% [32]. Additionally, PTES implies 
relevant specific CAPEX €/kW for the power and charging unit. PTES can be classified according to the 
discharging method, exploiting Brayton or Rankine cycles; the charging methods, mainly including reverse 



 

thermodynamic cycles and or the use of electrical resistance; and type of Thermal Energy Storage (TES), 
sensible, latent, or chemical [33,34]. 

Besides these technologies, an interesting application was studied in recent years to couple a Combined 
Cycle Gas Turbine (CCGT) with an Inlet Conditioning Unit (ICU) consisting of a heat pump (HP) and a cold 
(5°C) TES, connected as in the scheme (Figure 1). The ICU could work i) continuously, employing the HP to 
conditionate the CCGT intake, ii) as equivalent energy storage indeed using cheap electricity to drive the HP 
and charge the cold TES and using it to cool down the CCGT intake and boost the power output during the 
price peak periods without additional auxiliary losses. Preliminary works assessed the impact of intake 
temperature on the CCGT performance to investigate the potentialities of an ICU integration [35]. 
Subsequently, by means of a Mixed Integer Linear Programming (MILP) approach, it was developed a 
methodology to optimize the scheduling of an integrated ICU-CCGT power plant on the day-ahead market 
only [36] or considering the potentialities from an ancillary services provision [37]. Finally, a comprehensive 
assessment was carried out considering different European and US market and climate scenarios [38]. 
Considering that an ICU can be installed retrofitting existing CCGT plants and that those plants currently 
represent the backbone of many electrical systems, installing an ICU is equivalent to an investment in 
energy storage technology since it may be employed for the purpose of energy arbitrage and increasing the 
ability of the plant to supply grid services. 

 
Figure. 1.  Inlet Conditioning Unit (ICU) scheme 

The present paper aims to carry out a marked-based economic comparison between grid-scale available 
storage technologies, including the ICU-CCGT integration. Even if the participation of storage in the flexibility 
markets is today an interesting perspective, such markets are strongly characterized by uncertainties and are 
hard to generalize among different country rules, therefore the proposed comparison only considers the 
possibility for storage to perform energy arbitrage on the day-ahead market. The novelty of the approach is 
to compare pure storage technologies against a flexible solution for refitting CCGT.  

2. Methodology 
A previous work identifies 9 market clusters in Europe and USA characterized by similar profit opportunities 
for ICU-CCGT integration [38]. In this paper, a techno-economic comparison between available grid-scale 
storages is carried out on the same markets (i.e., the centroids of previously identified clusters). The 
approach consists in determining the best scheduling of dispatch for each storage maximizing the Net 
Operational Profits (NetOP). Historical electricity price data have been used for this purpose [39,40]. Net 
Operational Profits are then used to compute techno-economic indicators: Pay Back Period (PBP) and 
Internal Rate of Return (IRR) are used for the economic assessment because of their independency of the 
storage size and the interest rate. Net Operational Profits, eq. (1), are defined as Revenues from selling 
electricity minus costs of charging and any cost associated with the degradation of the storage itself. 
Equations (2) define the PBP, and equation (3) the NPV such as the IRR is the value of i to which it follows 
NPV=0. Where N is the lifetime in years. 
 𝑁𝑒𝑡𝑂𝑃 =∑(𝑅𝑒𝑣𝑒𝑛𝑢𝑒 − 𝐶𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 − 𝐶𝑑𝑒𝑔𝑟) =∑(𝑂𝑃 − 𝐶𝑑𝑒𝑔𝑟) (1) 
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Storage operations are scheduled daily adopting an hourly resolution and an optimization horizon of 36h, as 
suggested by Vasylyev et al. [41]. According to this strategy price information beyond the daily horizon is 
provided to the optimizer. While the output concerning the first 24h is maintained, the scheduling from the 
25th to the 36th will be overwritten by the following day optimization. 

For the ICU-CCGT integration, the optimization of dispatch is carried out by means of the developed Mixed 
Integer Linear Programming (MILP) optimizer presented in detail by Mantilla et al. [36], and updated in the 
following works [37,38]. The objective function, equation (4) accounts for electricity price [39,40], gas cost 
(assumed as Henry Hub and TTF spot price for US and Europe respectively), CO2 emission allowance cost 
[42], O&M cost, and cost associated with start-ups. 
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The first term in (4) represents the revenues from selling on the market the net power output, i.e., the 
algebraic sum of CCGT, HP, and electric heater power. The second term represents the cost of fuel, then 
two different start-ups are considered, hot (hs) and warm (ws), C is the cost associated with the start-up and 
V is a binary logic variable. The cost associated with CO2 emission is computed as the unitary cost of 
allowance times the emission factor e times the fuel consumption. Finally, Operation and Maintenance costs 
are included. 

For the other storage technologies, a linear Programming (LP) optimizer is proposed. The problem is 
formulated by equation (5). x represent the array of solutions, the first 37 elements are the solution itself, i.e., 
the State of Charge (SOC) before and after each of the 36 time intervals, elements from 38 to 73 represent 
the values of the first auxiliary variable (Cdegr) dealing with the cost associate with degradation at each time 
step, finally, elements from 74 to 109 represent the second auxiliary variable (Cineff) dealing with the cost of 
charge and discharge inefficiency at each time step.  

 
min
𝑥
𝑓𝑇𝑥  𝑠. 𝑡. {

𝐴 · x ≤ b
𝐴𝑒𝑞 · x = 𝑏𝑒𝑞
𝑙𝑏 ≤ x ≤ u𝑏

 (5) 

 𝑥𝑇 = (𝑆𝑂𝐶1 … 𝑆𝑂𝐶37 , 𝐶𝑑𝑒𝑔𝑟1 … 𝐶𝑑𝑒𝑔𝑟36 , 𝐶𝑖𝑛𝑒𝑓𝑓1 … 𝐶𝑖𝑛𝑒𝑓𝑓36 ) (6) 

f is the array of coefficients of objective function expressing the linear dependence between the solution 
array x and objective, i.e., the sum of net operational profits over the optimization period. 

The first 37 elements of f directly link the SOC and revenues from discharging and the cost due to charging, 
while the elements from 38 to 109 are equal to -1. 

 
𝑓𝑇 = ((−𝑝𝑒𝑙1) ·
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100
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The linear constraints, expressed by the matrix A and array b, relate the auxiliaries variables Cdegr and Cineff 

to the difference of SOC within the relative time interval. More in detail 5 different types of constraints are 
imposed. The two first limits the maximum difference, respectively upward (equation(8)) and downward 
(equation (9)), the limit is imposed by the maximum admissible power (even expressed as C-rate for BESS) 
during charge and discharge. These constraints are expressed by means of the time constant 𝜏, i.e., the 
minimum time [h] required by a complete charge or discharge, equal to the ratio between nominal capacity 
Emax and the maximum charging and discharging power. 
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Secondly, matrix A imposes the Cdegr at each time interval. For some kinds of storage, such as BES, lifetime 
is determined by the maximum number of cycles. Consequently operating the storage has a cost since once 
the maximum number of equivalent cycles is reached the storage must be replaced paying again the 
CAPEX. Each equivalent cycle has, therefore, a cost equal to the ratio between CAPEX and the maximum 
number of equivalent cycles, equation(10), then the degradation cost at the time interval i depends on the 
fraction of equivalent cycle performed on that interval, equation (11). 
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Finally, the cost of charging and discharging efficiency is considered.  

 

𝐶𝑖𝑛𝑒𝑓𝑖 ≥

{
 

 (𝑆𝑂𝐶𝑖+1 − 𝑆𝑂𝐶𝑖) · 𝑝𝑒𝑙𝑖 ·
𝐸𝑚𝑎𝑥
100

· (
1

𝜂𝑐ℎ
− 1) , (𝑆𝑂𝐶𝑖+1 − 𝑆𝑂𝐶𝑖) > 0

(𝑆𝑂𝐶𝑖 − 𝑆𝑂𝐶𝑖+1) · 𝑝𝑒𝑙𝑖 ·
𝐸𝑚𝑎𝑥
100

· (𝜂𝑑𝑖𝑠𝑐ℎ − 1), (𝑆𝑂𝐶𝑖+1 − 𝑆𝑂𝐶𝑖) < 0

 (12) 

Furthermore, Aeq and beq impose the SOC at the initial time: for the first optimization, the minimum SOC 
allowed is used, while for the subsequent optimizations the SOC25 of the previous day is set. Lower bounds 
and upper bounds are imposed consistently as follows. 

 𝑙𝑏𝑇 = (100 − 𝐷𝑜𝐷𝑚𝑎𝑥 … 100 − 𝐷𝑜𝐷𝑚𝑎𝑥  ,  0 … 0,     0 …    0 ) (13) 

 𝑢𝑏𝑇 = (100 … 100, 𝑖𝑛𝑓 … 𝑖𝑛𝑓,   𝑖𝑛𝑓  …      𝑖𝑛𝑓 ) (14) 

 



 

3. Storage preliminary sizing 
The ICU-CCGT integration design is a fairly complex process that must take into account the site market and 
meteorological specificity, even when focusing on just continuous cooling [43]. However, the size indicated 
by previous works (i.e., 10 MWh and 10 MW of Thermal Energy Storage and a 3.5 MW Heat Pump) as the 
preferable value was used to maintain comparable results. The corresponding CAPEX has been estimated 
at 6.3 M€ [36,44]. To proceed to a fair comparison between this solution and pure storage technologies a 
preliminary sizing of the latter is required. 

Sizing is diriment because it directly impacts capital expenditure. The overall CAPEX depends on the 
storage size [MWh], the charging, and the discharging power [MW]. Table 1 reports assumed values for this 
paper from an existing literature survey. As a consequence, the specific CAPEX [€/kWh] depends on the 
storage duration 𝜏disch and the ratio between charging and discharging time constant, 𝜏ratio. Figure 2 shows 
the trend of specific CAPEX versus 𝜏disch considering 𝜏ratio between 1 and 6. However, BES CAPEX is 
typically expressed as an exclusive function of the storage capacity since capacity and power are strictly 
correlated and typically increased power does not imply extra costs, especially considering that if an hourly 
time interval is assumed, as in this paper, there is no advantage in adopting C-rate beyond 1 that are 
therefore not investigated. Thus BES curve in Figure 2 is flat. 

 

Figure. 2.  Storage specific CAPEX versus duration of discharge 

Figure 2 shows that BESs are the most economical storage for a short duration, generally, the other 
technologies CAPEX are very sensitive to the duration when it drops below 10h since the cost of power units 
becomes predominant. Increasing 𝜏ratio leads to savings in CAPEX decoupling charging and discharging 

power. Charging equipment cost weights more than the discharging one, so the impact of the 𝜏ratio is crucial 
in balancing the effect of reducing the CAPEX by decreasing the size of the charging equipment by a factor 
1/𝜏ratio, while increasing the operational charging time accordingly. This can be exploited if the duration of the 

off-peak price period is greater than the peak duration and if the off-peak price profile is constant, so 𝜏ratio>1 
is not directly reflected in an OP decrease. For a short duration, capital expenditure implied by CAES and 
PHS are comparable, nevertheless considering increased 𝜏 values the weight of storage cost itself is much 
more relevant if compared to the charging and discharging power units CAPEX, consequently in this case 
PHS is more advantageous because the cost per kWh is almost half of CAES.  

Table 1.  Technical and economic assumptions for each storage technology 

 BESS PHS CAES PTES 

Emax [MWh] 1MWh 7 GWh 250 MWh 250 MWh 
DoDmax 80% 90% 50% 100%  
𝜏disc  [h] 1 2-24 2-24 2-24 

𝜏ch min / 𝜏disch min 1 1-6 1-6 1-6 

ηch 92% 85% 75% 200% 
ηdisch 92% 88% 85% 30% 
CAPEXstorage 150€/kWh 15€/kWh 32€/KWh 21€/KWh 
CAPEXch - 400€/kW 500€/kW 2125€/kW 
CAPEXdisch - 350€/kW 300€/kW 1900€/kW 
Lifetime_max 25yr 80yr 35yr 35yr 
Ncycle max 7500 - - - 
ref [28,45] [46] [46] [47] 



 

To preliminary size BES, PHS, CAES, and PTES, yearly optimizations are performed to quantify OP, PBP, 
and IRR. Different scenarios have been investigated, considering years from 2018 to 2022 and the 9 market 
zone identified as a relevant statistical sample for the ICU-CCGT integration [38]. The driving market factor 
for energy arbitrage is the price difference that can be exploited. Equation (15)  expresses in a general form 
the minimum discharge price to be worth operating storage, it depends on the charging price, the efficiency 
of charging and discharging, and the degradation costs. 

𝑝𝑒𝑙𝑑𝑖𝑠𝑐ℎ >
𝐶𝑑𝑒𝑔𝑟

𝜂𝑑𝑖𝑠𝑐ℎ
+

𝑝𝑒𝑙𝑐ℎ
𝜂𝑑𝑖𝑠𝑐ℎ𝜂𝑐ℎ

 (15) 

Therefore to characterize each market scenario the average daily variability 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ is adopted highlighting the 

distance between the discharging price 𝑝𝑒𝑙𝑑𝑖𝑠𝑐ℎ and the charging price, 𝑝𝑒𝑙𝑐ℎ, on a daily basis. Table 2 reports 

the values of 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ and the yearly average price, 𝑝𝑒𝑙𝑦̅̅ ̅̅ ̅, for each year and zone. Optimizations have been 

performed considering data synthesized in Table 1 as input of the LP scheduler described in the 
Methodology section. 

Table 2.  Average daily electricity price spread and yearly price average [€/MWh] in the considered years and zones. 

Bidding Zone 
State/ 

Country 
Ref. Location 

2018 2019 2020 2021 2022 

 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅  𝑝𝑒𝑙𝑦̅̅ ̅̅ ̅  𝛥𝑝𝑒𝑙𝑑

̅̅ ̅̅ ̅̅ ̅  𝑝𝑒𝑙𝑦̅̅ ̅̅ ̅  𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅  𝑝𝑒𝑙𝑦̅̅ ̅̅ ̅  𝛥𝑝𝑒𝑙𝑑

̅̅ ̅̅ ̅̅ ̅  𝑝𝑒𝑙𝑦̅̅ ̅̅ ̅  𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅  𝑝𝑒𝑙𝑦̅̅ ̅̅ ̅ 

ARKANSAS_HUB AR Pine Bluff 21.64 25.03 15.67 21.27 13.83 17.72 24.29 31.05 44.87 56.81 

AT AT Vienna 31.15 46.32 26.72 40.06 28.25 33.14 72.32 106.85 163.51 261.4 

CENTRL NY Syracuse 48.87 50.38 33.52 40.00 14.74 17.40 49.60 57.42 107.56 123.35 

LZ_CPS TX San Antonio 73.52 29.41 137.54 35.70 40.28 20.15 113.63 123.85 125.88 63.65 

NEWHAMPSHIRE NH Manchester 29.92 37.32 20.95 28.13 19.29 22.01 29.57 39.09 59.98 81.56 

NO3 NO Trondheim 13.10 44.08 8.81 38.54 3.61 9.46 21.58 41.07 40.04 41.94 

NORD IT Milan 31.28 60.71 28.05 51.25 26.06 37.79 59.40 125.2 161.52 307.81 

SCE CA Los Angeles 60.13 37.28 49.52 33.13 69.16 31.13 65.64 43.60 99.56 82.07 

SICI IT Palermo 56.99 69.49 71.75 62.77 48.87 46.21 73.15 129.02 172.8 295.07 

Table 3 reports the Utilization Factor (UF) as the first output of storage dispatch optimizations, the reported 
𝜏disch and 𝜏ratio are selected as the best in the following economic analysis for each storage technology. The 
UF is defined as the ratio between the discharged energy and the energy discharged if a cycle until the 
maximum allowed depth of discharge was performed daily.  

𝑈𝐹 =
∑ 𝐸𝑑𝑖𝑠𝑐ℎ
𝑛𝑑𝑎𝑦𝑠
1

𝐸𝑚𝑎𝑥 ·
𝐷𝑜𝐷𝑚𝑎𝑥

100
· 𝑛𝑑𝑎𝑦𝑠

 (16) 

Table 3.  UF [-] computed on a yearly basis for the best storage duration 

Bidding Zone 
(State/Country) 

BES PHS CAES PTES 

𝜏disch=1h 𝜏ratio =1 𝜏disch=12h 𝜏ratio =1 𝜏disch=12h 𝜏ratio =1 𝜏disch=2h 𝜏ratio =1 

2018 2019 2020 2021 2022 2018 2019 2020 2021 2022 2018 2019 2020 2021 2022 2018 2019 2020 2021 2022 

ARKANSAS_HUB (AR) 0.339 0.156 0.101 0.372 0.760 0.765 0.701 0.743 0.734 0.745 1.006 0.952 0.982 0.977 0.969 0.001 0 0.002 0.002 0 

AT (AT) 0.55 0.449 0.461 1.127 1.686 0.730 0.716 0.749 0.734 0.717 1.091 1.070 1.134 1.107 1.055 0.101 0.096 0.126 0.076 0.042 

CENTRL (NY) 0.871 0.656 0.105 0.862 1.275 0.788 0.743 0.554 0.755 0.749 1.066 1.012 0.781 1.025 1.019 0.016 0.001 0.004 0.001 0.003 

LZ_CPS (TX) 0.741 0.722 0.536 0.805 1.145 0.820 0.817 0.815 0.828 0.85 1.057 1.064 1.035 1.084 1.131 0.042 0.094 0.021 0.044 0.079 

NEWHAMPSHIRE (NH) 0.507 0.282 0.270 0.552 1.171 0.750 0.737 0.761 0.730 0.720 1.037 1.062 1.078 1.059 1.042 0.008 0.004 0.004 0.004 0.004 

NO3 (NO) 0.125 0.038 0.008 0.253 0.387 0.355 0.301 0.455 0.476 0.546 0.450 0.356 0.566 0.605 0.696 0.020 0.011 0.01 0.03 0.066 

NORD (IT) 0.599 0.545 0.493 0.912 1.557 0.575 0.666 0.692 0.597 0.611 0.846 0.973 1.034 0.879 0.902 0.001 0.007 0.021 0.007 0.008 

SCE (CA) 1.064 1.088 0.962 1.037 1.207 0.866 0.867 0.865 0.855 0.842 1.239 1.256 1.231 1.210 1.159 0.097 0.151 0.211 0.159 0.164 

SICI (IT) 1.266 1.401 1.122 1.239 1.636 0.788 0.827 0.828 0.686 0.639 1.196 1.263 1.268 1.028 0.959 0.031 0.111 0.057 0.043 0.074 

Table 3 indicates that the highest UFs are reported by BES in 2022, under considerably favorable market 
conditions. This occurs especially in those bidding zones, typically as southern and central Europe, 
characterized by two distinct and prominent price peaks, in the morning and early evening, and presenting 
the opportunity to perform two cycles in a day. On the opposite side, other markets, e.g. Texas, even 
characterized by a relevant daily variability, typically show only one peak in a day, thus the second daily 



 

discharge is very rare. Finally, markets characterized by flat electricity price and reduced variability, e.g., 
Norway, shows reduced potential for arbitrage for all the storage technologies. 

If BES scored the UF highest values, CAES UF is considerably robust (around 1) even under less favorable 
market scenarios. However, CAES is characterized by a very low allowed DoD (50%), which means that, 
designing 𝜏disch=12h, just 6h are required to discharge until the maximum allowed depth. 12h and 10.8h are 
required by PTES and PHS respectively. The operativity of storage would depend only on the frequency with 
equation (15) is satisfied, consequently BES has a great advantage thanks to high efficiency, and low 𝜏disch 

and 𝜏ch but, differently than other technologies, it pays the impact of degradation costs, especially in low and 
moderately variable markets. If the amount of energy discharged is considered, PHS operates more than 
CAES because of the highest efficiency, while PTES is almost unutilized because of the too low efficiency 
and therefore excluded by the following analyses. 

 

Figure. 3.  BES, PHS, and CAES Pay Back Period (PBP) vs the average daily variability of electricity price

 

Figure. 4.  BES, PHS, and CAES Internal Rate of Return (IRR) vs the average daily variability of electricity price 

Figures 3 and 4 show the PBP and the IRR assessed by means of the annual cash flow, as an output of the 

yearly optimizations. Consequently, trends are drawn considering 45 values and the relative 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ , from 5 

years and 9 bidding zone reported in Table 2. Trends appear smooth enough to confirm the outcome of [38], 

identifying 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅  as the best predictor for energy storage economic performance. 

BESs present the lowest PBP; for 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ >50-55 €/MWh it drops below 10 years, however, the expected 

lifetime reduces as well because of the increased utilization. Besides the cycling aging of BES, calendar 
aging must be considered. According to the model presented by Stroe et al. [28], the maximum calendar life 
for an idling battery is about 25 years, this value is assumed as ceil even if the maximum number of cycles is 
not reached. Such an underutilization is typical of those markets with daily variability below 50€/MWh. The 

IRR increases with 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅  and it is positive beyond 30€/MWh of daily variability. 

For PHS and CAES the ranges of 𝜏disc and 𝜏ratio (i.e., the ratio between 𝜏ch and 𝜏disc) indicated in Table 1 are 
investigated. The blue and the red lines in Figures 3 and 4 represent the envelope of best and worst points 
respectively, moreover, three other lines are plotted for the three combinations of 𝜏disc and 𝜏ratio that more 

often result as the best possible. Both for PHS and CAES the best couple is 𝜏disc=12h and 𝜏ratio=1, while the 

second and the third rank differ for the two technologies showing that selecting 𝜏ch about 12-24h is preferable 
for CAES to limit CAPEX. PBP shows similar trends for CAES and PHS, even if under extremely favorable 
conditions (right side of charts) the PBP stabilizes at a slightly lower value for PHS (about 5 years, while 8 
years are required to pay back the  CAES) because of the lower specific CAPEX, as shown by Figure 1, and 
the higher efficiency. Moreover, it must be considered that the expected lifespan is significantly higher for 

PHS and this is reflected in the IRR which is positive even for reduced 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅  (>10-15€/MWh). 

For the purpose of the comparison between traditional storage technologies and the CCGT-ICU integration 
in Section 3, the best 𝜏disc and 𝜏ratio are selected.  



 

4. ICU-CCGT comparison 
The comparison is carried out on the three market zones that showed the highest potential for the integration 
of an ICU in an existing CCGT: SCE in California, northern Italy (NORD), and LZ_CPS in Texas i [38]. 
Respective reference locations for historical climate data are Los Angeles, Milan, and San Antonio. The 
previous section highlights how the bidding zone is not relevant for BES, PHS, and CAES but what is 
diriment is the exploitable variability in electricity price on a daily basis. Thus, for these technologies, is 
proposed an aggregated analysis, Figure 5 shows trend lines both for PBP and IRR built on rational 
3rd-degree function fitting all 45 available values.  

 

Figure. 5.  PBP and IRR comparison for BES, PHS, CAES, and ICU-CCGT in three different locations 

The analysis reported in a previous paper [38], was focused on one year and highlighted structural 
differences between market zone clusters considering both markets and climate parameters. On the other 
hand, this paper considers several years of operations highlighting that for systems with ICUs, an in-depth 
analysis is necessary and the expected economic outcome it is difficult to generalize because of the 
additional influence of ambient temperature and, secondly, of electricity price-gas price relationship, often 
synthesized by the Clean Spark Spread, the difference between the electricity price and the CCGT 

production cost, including CO2, as defined in eq. (18). However, 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ confirms to be an effective indicator 

and the economic performance constantly improves as it increases. The only exception is represented by 
Los Angeles in 2020 due to the low Clean Spark Spread that year. 

Even if in Texas and California higher 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ values are more common historically, for the same value the 

ICU-CCGT potential is higher in northern Italy. As Confirmed by Figure 6 and Table 4, in this location the 
potential for using directly the HP for heating and cooling the inlet air is higher (about 30% of operating hours 
for each of these operational modes), conversely, the TES is more exploited in California and Texas. In this 
last location is common to discharge the TES more than once a day and the inlet cooling by means of TES 
discharging is adopted for about 15% of operational modes.  Despite the typical single peak price profile of 
this zone, this is possible because the value of energy discharged by the TES depends both on the electricity 
price and the potential CCGT power increase following the cooling depending on the ambient temperature. 
Thus, if the daily trends of ambient temperature and electricity price present two peaks characterized by 
sufficient prominence and temporal shifting, the resulting profits opportunities may result in a two peaks 
profile allowing a UF beyond 1. 

  

Table 4. Inlet Conditioning Unit TES UF [-] 

  
Bidding Zone 

(State/Country) 

  
SCE 
(CA) 

NORD 
(IT) 

LZ_CPS 
(TX) 

2019 0.706 0.372 1.01 

2020 0.627 0.311 1.032 

2021 1.056 0.783 1.548 

2022 0.819 0.5991 1.139 

Figure. 6. Operating mode as a percentage of overall operating hours 



 

More in detail, from an economic perspective the main difference between the ICU-CCGT integration and the 
other storage technologies relies on the value at which the discharging power is awarded. The thermal 
energy discharged by the TES is reflected in an extra power output of the CCGT and a slight variation in 
efficiency since the fuel consumption increases as well, a detailed investigation of the dependence on the 
ambient temperature and the GT load is provided in [35]. Thus the economic value of the discharged energy 
is the power increment, due to inlet cooling by TES discharging, times the Clean Spark Spread (CSS), i.e., 
the profit margin of a CCGT power plant considering the fuel consumption and the cost of carbon dioxide 
allowance emissions, equation (18). Conversely, the cost of charging the TES is proportional to the ratio of 
electricity price on the HP COP. Analogously to equation (15), is possible to state the minimum condition to 
be worth operating the TES of an ICU. For the sake of simplicity, equation (17) neglects the variation in 
efficiency and thus in CSS following the TES discharge. 

∆𝑃 · 𝐶𝑆𝑆𝑑𝑖𝑠𝑐ℎ = 𝐸𝑑𝑖𝑠𝑐ℎ · 𝑓(𝑇𝑎𝑚𝑏 , 𝐿𝑜𝑎𝑑𝐺𝑇) · 𝐶𝑆𝑆𝑑𝑖𝑠𝑐ℎ ≥
𝐸𝑑𝑖𝑠𝑐ℎ · 𝑝𝑒𝑙𝑐ℎ
𝐶𝑂𝑃(𝑇𝑎𝑚𝑏)

 (17) 

𝐶𝑆𝑆 = 𝑝
𝑒𝑙
− 𝐶𝑔𝑎𝑠 · (

1

𝜂
𝐶𝐶𝐺𝑇

− 𝐶𝐶𝑂2 · 𝑒) (18) 

Finally, Figure 7 confirms the pivotal importance of CSS reporting the boxplot distributions versus 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅ for 

each year in the analyzed locations, in the hours in which the TES is discharged, 𝐶𝑆𝑆𝑑𝑖𝑠𝑐ℎ. It is immediate to 
appreciate the strict correlation between the trend lines connected the CSS median values and the IRR or 
the opposite of PBP in Figure 5. CSS can be considered as a carrier signal, then on the right part of the chart 

trends diverge because the extra benefits on economic KPIs of increased 𝛥𝑝𝑒𝑙𝑑
̅̅ ̅̅ ̅̅ ̅.   

 
Figure. 7. Yearly Clean Spark Spread distribution versus the average daily variability 

5. Conclusions 
This paper performs a market analysis by means of Linear Programming and Mixed Integer Linear 
Programming optimizer of different storage technologies for energy arbitrage on the day-ahead market. Battery 
Energy Storage (BES), Pumped Hydro Storage (PHS), Compressed Air Energy Storage (CAES), and Pumped 
Thermal Energy Storage (PTES) are compared against the integration of a Combined Cycle Gas Turbine with 
an Inlet Conditioning Unit consisting of a Heat Pump and a cold Thermal Energy Storage (CCGT-ICU). 
Different scenarios have been analyzed considering historical data from different bidding zones and years. 

First, it was observed how the operativity of energy storage depends on the conversion efficiency and any 
possible cost associated with the degradation of the storage itself, this is an important issue for batteries. It 
was observed that PTES presents a very low utilization factor, because of the low round trip efficiency profit 
opportunities from arbitrage with PTES are very rare and it is not possible to pay the investment back. PTES 
is then excluded by the following analysis. 

A sizing procedure applied to PHS and CAES identifies both an optimal charging and discharging duration of 
about 12h, highlighting how limiting the charging power is an effective approach to reduce CAPEX and 
enhance economic KPIs. The daily electricity price variability is the driving factor for storage opportunities. 
Thanks to the absence of degradation costs and a good round trip efficiency, PHS performs better on 
markets characterized by moderate variability (<40-60 €/MWh), while batteries are the best solutions when 
the price is extremely variable (>60 €/MWh), in such a condition the high efficiency represents an advantage 
despite the cost associated to the storage degradations; performing even two cycles per day. CAES may find 
an application in low variable markets (<30-40 €/MWh), if there is no site availability for PHS. However in 
such conditions, the PBP is close to the expected lifespan, thus the viability of investment for CAES is still 
uncertain if only arbitrage profits are considered. 

Introducing the ICU-CCGT integration in the comparison requires separately analyzing bidding zones 
because of the impact of local climate and the Clean Spark Spread (CSS). The proposed integration wins 



 

the comparison against other storage technologies in northern Italy and demonstrates to be competitive in 
California while it shows lower performance in Texas. It was demonstrated that what drastically impacts this 
outcome is the CSS and the opportunities to use the ICU also for direct inlet cooling and heating. 

It is possible to conclude that, as pure storage, the ICU integration presents low performance if compared to 
a system designed for this purpose. However, within the ICU investment, an HP is included that, if exploited 
in continuous heating and cooling mode, can increase the extra profits generated by the ICU retrofitting. 
Moreover, it must be considered that such an investment can avoid the closure or mothballing of the CCGT 
power plant, therefore keeping available to the Transmission System Operator a relevant capacity for 
supplying services to the grid, including the rotational inertia typical of turbomachinery-based power plants 
and essential for the purpose of frequency regulation. 

Nomenclature 
Acronyms 

BES  Battery Energy Storage 
CAPEX  Capital Expenditure 
CAES  Compressed Air Energy Storage 
CCGT  Combined Cycle Gas Turbine 
GT  Gas Turbine  
HP  Heat Pump 
HX  Heat Exchanger 
ICU  Inlet Conditioning Unit 
LP  Linear Programming 
MILP  Mixed Integer Linear Programming 
OH  Operating Hours 
PHS  Pumped Hydro Storage 
PTES  Pumped Thermal Energy Storage 
RES   Renewable Energy Sources 
TES  Thermal Energy Storage 

Variables 
C  Cost, €, €/MWh, €/ton 
COP  Coefficient of Performance, - 
CSS  Clean Spark Spread, €/MWh 
DoD  Depth of Discharge, % 
e  Emission factor, ton/MWh 
E  energy, MWh 
i  Interest rate, - 
IRR  Internal Rate of Return, % 
O&M  Operating and Maintenance Costs, €/MWh 
OP  Operational Profits, € 
P  Power, MW 
p  Price, €/MWh 
PBP  Pay Back Period, yr 
Q  Quantity, MWh 
RTE  Round Trip Efficiency, % 
SOC  State of Charge, % 
T  Temperature, °C 
UF  Utilization Factor, - 
V  Start-up Binary Variable, logic 
η  Efficiency, % 
τ  Duration, h 

Subscripts and superscripts 
amb  Ambient 
d  Daily 
el  Electricity 
ch  Charge 
disch  Discharge 
T  Transpose 
inef  Inefficiency 
degr  Degradation 
w  Warm 
h  Hot 
s  Start-up 
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i Days from February 13 and 19, 2021 have been excluded from the Texan analysis because of the exceptional energy crisis 
occurred during those days. Extremely high electricity prices occurred in that period cannot be considered as regular neither 
fully exploitable because of the generalized unavailability of many generators following the severe weather conditions. 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

Techno-Economic Analysis of Latent Heat 
Thermal Energy Storage Integrated Heat Pump 

for Indoor Heating 

Lianying Shana, Andrew Martinb, Justin NW Chiuc 

a Department of Energy Technology, KTH Royal Institute of Technology, Brinellvägen 68, SE-
10044 Stockholm, Sweden, lianying@kth.se, CA 

b Department of Energy Technology, KTH Royal Institute of Technology, Brinellvägen 68, SE-
10044 Stockholm, Sweden, andrew.martin@energy.kth.se 

c Department of Energy Technology, KTH Royal Institute of Technology, Brinellvägen 68, SE-
10044 Stockholm, Sweden, justin.chiu@energy.kth.se  

Abstract: 

Electricity prices have increased significantly in Europe and other regions due to the recent energy crisis. 
Latent heat thermal energy storage (LHTES) implemented in residential heating systems has attracted 
attention for its role in peak/load shifting to reduce heating costs. A new layout with LHTES integrated with a 
heat pump (HP) is proposed here to store low grade heat during off-peak demand periods, later used as heat 
source for the heat pump during peak demand periods. This novel layout is assessed for its heat capacity 
variation and levelized cost of energy (LCOE). The results show that increased amount of power input is 
required when a storage component is integrated into the heating system, while it can be compensated by 
shifting to off-peak electricity usage. 
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1. Introduction 
The Paris Agreement targets reductions in greenhouse gas emissions and tacklinge climate change [1] where 
the largest source of greenhouse gas emissions is carbon emissions from energy use [2]. To comply with this 
agreement, Sweden has set a long-term goal of achieving zero net emissions of greenhouse gas by 2045 at 
the latest [3]. In 2020, the Sweden’s final energy use in the residential and service sector was 140 TWh, of 
which district heating and electricity accounted for more than 80% [4]. As of December 2021, 2.6 million 
dwellings in Sweden were multi-family buildings, accounting for 52% of the total residential sector, and they 
were responsible for a third of total energy use [5,6]. Space heating in terms of energy use in buildings plays 
a pivotal role in decarbonisation [7–9]. The transition towards low carbon society requires novel energy 
technologies and solutions. Heat pumps with their high coefficient of performance (COP) have gained 
increasing attention for emission reduction, as they can reduce energy demand and increase the uptake of 
variable renewable energy in electricity grid [10–12].  

Many research efforts have focused on improving heat pumps in space heating. Fraga et al. [13] compared 
heat pumps with different heat sources implemented in non-retrofitted, retrofitted and new multi-family 
buildings. Sun et al. [14] focused on the mixed-refrigerant recuperative heat pumps, suitable for large 
temperature lift in space heating, and introduced an assisted-cycle to improve the system performance. 
Dongellini et al. [15] studied the effects of control strategies of different air-to-water heat pumps on seasonal 
heating system. Blázquez et al. [16] analysed the suitability of air source heat pump and ground source heat 
pump in different climate conditions. Manuel et al. [17] also studied these two kinds of heat pumps and 
analysed the performance by reducing heating system circuit temperature. 

Heat pumps consume a small amount of power to shift larger amount of heat from a heat source, but at the 
same time, they also become the major consumer of household electricity [18]. Due to the recent energy 
shortages and inflation [19], electricity prices have increased significantly. Figure 1 shows the hourly electricity 
trading price of SE3-Stockholm region in November 2022 (blue line) and its monthly average electricity trading 
price in November each year from 2018 to 2022 (orange bar). The electricity price is highly fluctuating during 
November 2022. Due to the impact of wind power generation, there are cases where the electricity prices is 
very low. While through the comparison of electricity prices in different years, it can be clearly seen that the 
overall electricity price has risen significantly. Thermal energy storage implemented in residential heating 
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systems has attracted attention for its role on peak load shifting to reduce heating costs [20,21]. The LHTES 
is favourable due to the high energy density, small volume change of phase change material (PCM) in melting 
and in solidification processes [22,23]. The heat transfer rate of PCM affects the thermal performance of 
LHTES. To counter the low conductivity of PCM, a number of heat transfer area enlargement techniques with 
spherical mini & micro encapsulations, metal fin extensions and matrix foam impregnations have shown good 
results [24–28]. The melting and solidification temperature should be carefully selected to match the operating 
temperature range. For space heating, paraffin and sodium acetate tri-hydrate based PCMs have been tested 
[9,29]. 

 

Figure 1.  Electricity trading price in SE3-Stockholm region (exclude any fees, charges or taxes) [30]. 

Different layouts of integrated LHTES and HP systems have been studied for space heating. Yu et al.[5] 
presented an integrated heat pump & LHTES system and proposed a mathematical model including energy, 
environmental and economic analysis for four typical cities in China. The LHTES component was a bulk 
storage configuration, in which the refrigerant directly transfers heat to PCM during the charging process and 
the circulated water absorbed heat during the discharging process. The results showed that the integrated 
systems had a good application prospect. Xu et al. [20,32,33] conducted the experimental and numerical 
investigation on cylindrical macro-encapsulated PCM. Different integrated LHTES-HP layouts by introducing 
desuperheater, subcooler were displayed, and the assessment of their technical, economic and environmental 
performance showed that the heat performance and operational expense were improved. Olympios et al.[10] 
established a heat pump system powered via a solar PV system. The heat pump is coupled with two different 
PCM thermal storage components, one for domestic hot water and one for space heating. The system showed 
large potential of economical savings. Zhang et al. [34] proposed a CO2 heat pump system integrated with 
ejector and LHTES system. The new system had better thermodynamic and economic performance than 
conventional CO2 heat pumps. Despite these research efforts the integration of heat pumps in multi-family 
buildings still faces many barriers, such as high heating temperature requirement for non-retrofitted building, 
complicated access to geothermal sources and high capital costs [35,36]. Therefore, further studies are 
needed. 

This paper proposes a novel layout of integrated LHTES and HP to cover the heating requirement of a typical 
multi-family building. LHTES component is connected to the return side of radiator to absorb low-grade heat 
during off-peak periods. The stored energy then transfer to the ambient air through a shell-and-tube heat 
exchanger during on-peak periods to improve the inlet temperature of evaporator. The performance of heat 
pump thus will be improved and the economic outcome will be better through the on-peak/off-peak price 
scheme.  

2. Methodology 
In this work, the techno-economic performance evaluation of integrated LHTES and heat pump system was 
conducted with MATLAB (R2022b) and COMSOL (6.0) as follows: (1) the heating demand and heat pump 
supply were matched based on a typical heat pump heating system; (2) a novel layout of LHTES and heat 
pump system was proposed; (3) a cylindrical LHTES component was designed with spherical encapsulated 
PCM; (4) the techno-economic performance of this integrated system was assessed. 

2.1. Heat pump heating system  

A typical heat pump heating system in serial configuration is shown in Figure 2. The air source heat pump 
(ASHP) is connected to a hydronic radiator, which is the most common combination for space heating due to 
its simple operation and low maintenance cost [37,38]. The evaporator absorbs heat from ambient air, and 
evaporates the refrigerant. After being compressed in the compressor, the high-temperature refrigerant 
transfers heat to water in the condenser. The end users are assimilated into one hydronic radiator as shown 
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in Figure 2. The heated water is pumped to demand-side radiator with the supply temperature (Tsu) for the 
indoor space heating. The water is forwarded to condenser at the radiator return temperature (Tre). The 
supplementary electric heater is used to cover the heating gap between heat pump supply and user demand. 

    
1. evaporator; 2. compressor; 3. condenser; 4. throttle valve; 5. fan; 6. pump; 7. supplementary electric heater; 
8. hydronic radiator.  

Figure 2.  Typical heat pump heating system. 

A Multi-family building with heated area of 1420 m2 built before the 1960’s [39] is considered. The calculation 
parameters of the retrofitted building are listed in Table 1. The total UA-value includes the heat transfer through 
building envelope and ventilation losses. The indoor comfort temperature was set at 20 °C during the heating 
season [40]. The heating demand is 51.8 kW at designed outdoor temperature (DOT) of -16 °C according to 
Eq. (1). The heating demand of the multi-family building at ambient temperature is calculated with Eq. (2). 

, ( )=  −bd DOT bd indq UA T DOT                                                                                                                                 (1) 

( )=  −bd bd ind ambq UA T T                                                                                                                                         (2) 

Table 1.  Calculation parameters of the general retrofit multi-family building [39]. 

Parameters Units Value 

UA-value by transmission (including roof, wall, floor, window, door 
and thermal bridge) 

W/K 824 

UA-value by ventilation W/K 616 

Total UA-value of building, 
bdUA  W/K 1440 

Based on logarithmic mean temperature difference (LMTD) method, the heating capacities of radiator at DOT 
and ambient temperature were given by Eq. (3)-Eq. (6). The radiator exponent (n) due to non-linear heat 
transfer [37] is 1.25 in this study. 

, ,=  n

rad DOT rad rad DOTq UA LMTD                                                                                                                                 (3) 

( ) ( ) ( ), / ln /rad DOT su re su reLMTD T T T DOT T DOT= − − −                                                                                       (4) 

=  n

rad rad radq UA LMTD                                                                                                                                           (5) 

( ) ( ) ( )/ ln /rad su re su amb re ambLMTD T T T T T T= − − −                                                                                                              (6) 

The hydronic radiator heating system was designed with constant water flow rate (
radV ). The supply 

temperature and return temperature are commonly 55 °C/45 °C (
,su DOTT /

,re DOTT ) at DOT [41]. The heating 

capacity of water through radiator can be calculated with thermodynamic parameters by Eq. (7) and Eq. (8). 

, , ,( )=    −hs rad w p w su DOT re DOTq V c T T                                                                                                                    (7) 

, ( )=    −hs rad w p w su req V c T T                                                                                                                                           (8) 

Fehrm and Hallén proposed a curve-fitting model for the ambient air temperature [37]. The duration curve for 
Stockholm condition with annual average temperature of 8.2 °C [42] is presented in Figure 3. The hours 
through a year at a certain temperature (bin hours) is accounted for the discrete temperatures in Figure 3. 

November with monthly average ambient temperature of 3 °C (
ambT ) [43] was selected for the assessment, 

which can cover around 50% hours when the heating seasons starts at the temperature below 10 °C. 
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        (a)                                                                 (b) 

Figure 3.  Ambient temperature through a year and bin hours in Stockholm: (a) Duration temperature curve 
for Stockholm; (b) bin hours in Stockholm. 

The heat pump system was assumed as quasi-steady state. Based on energy balance, the heating demand 
of building, heating capacity of radiator and heat capacity of water are equal [20,37]. The parameters of the 
heat pump heating system were calculated with Eq. (1)-Eq. (8). The results are exhibited in Table 2. 

Table 2.  Parameters of heat pump heating system. 

Parameters Units Value  

Heating demand, 
bdq  kW 24.5 

Volume flow rate, 
radV  m3/h 4.52 

Supply temperature, 
suT  °C 38.8 

Return temperature, 
reT  °C 34.1 

2.2. Integrated system 

A novel layout of integrated system is proposed in this paper. LTHES with auxiliary heat exchanger and pump 
are introduced in a typical heat pump heating system acting as the heat source during off-peak hours. The 
schematic of the integrated system is shown in Figure 4. 

            

(a)                                                            (b) 

1. evaporator; 2. compressor; 3. condenser; 4. throttle valve; 5. fan; 6. pump; 7. supplementary electric heater; 
8. hydronic radiator; 9. latent heat thermal energy storage component; 10. pump; 11. heat exchanger; 12-15: 
three-way valve. 

Figure 4.  A LHTES component integrated HP system: (a) charging mode, (b) discharging mode. 

The LHTES component is placed inside the building and connected to the return line of the radiator. The 
charging and discharging processes are controlled based on the off-peak and on-peak periods, as shown in 
Figure 5. The off-peak is from 00:00 to 7:00 (exclusive) and from 21:00 to 24:00 (exclusive). The on-peak is 
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from 16:00 to 20:00 (exclusive). When the electricity price is in the off-peak periods, the three ports of three-
way valve 12 are all open and a proportion ( pro ) of the return water as heat transfer fluid (HTF) flows into the 

LHTES component from the top to charge the storage. The water after the heat release flows out from the 
bottom and merges into the remaining return water at the position of three-way valve 13. The flow then enters 
the condenser. When the LHTES is fully charged, the valve controlling the flow into the LHTES closes. When 
the electricity price is at the on-peak periods, the discharging process of LHTES starts, also using water as 
HTF. The HTF flows into the LHTES from the bottom and is heated by the PCM. After absorbing heat, HTF 
flows out from the top. In this study, a shell-and-tube heat exchanger with counter flow was selected. The 
ambient air used as the heat source to the heat pump discharges heat from HTF resulting in a rise in 
temperature, hence an increase in COP. After that, the cooled HTF flows back to the LHTES. 

 

Figure 5.  Off-peak and on-peak based on hourly electricity trading price. 

2.3. LHTES component 

Based on the optimal return temperature of the radiator, ATP 28 organic material was selected as the PCM.  

The thermophysical properties of ATP 28 are listed in Table 3.  

Table 3.  Thermophysical properties of PCM [44]. 

Parameters Units Value  

Melting temperature °C 27~29 
Solidification temperature °C 26~28 
Latent heat (charging/discharging)  kJ/kg 220/225 
Specific heat capacity kJ/(kg·K) 2 
Thermal conductivity W/(m·K) 0.2 
Liquid density (solid/liquid) kg/m3 864*/760 

*calculated from the volume expansion   

Height-to-diameter ratio (H/D) is a crucial parameter in designing a thermal energy storage tank. The increase 
of H/D can improve the charging and discharging efficiency and reduce the occupied area, while it also results 
in increased weight and cost of the tank, and in increased heat loss [45–47]. Considering the 
charging/discharging time and required heat capacity, the H/D was set as 1.7 with inner diameter of 0.6 m. A 
2D axis-symmetrical model was built to simulate the thermal processes of LHTES, shown in Figure 6.  

 

Figure 6.  The 2D model of packed bed storage tank. 

Spherical encapsulated PCMs, which are easier to maintain [48], were placed in the packed bed tank. The 
melting and solidification processes of the 2D model were simulated with the following simplifying assumptions: 
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(1) incompressible flow of water; (2) homogenous and isotropic PCM; (3) neglected density difference of PCM 

in phase and liquid phases; (4) heat loss coefficient (
lossh ) of 5 W/(m2·K) from outside shell to surrounding air 

[49]. The main parameters used in the simulation are displayed in Table 4. The thermophysical properties of 
Aluminum for outside shell and Water for HTF were taken from the Material Library in COMSOL [50]. The heat 
convective coefficient (

sfh ) between water and PCM was calculated with Eq. (9) [51]. 

( ) ( )
1

/ Nu / 10sf pe f pe sh d k d k
−

 = +
 

                                                                                                                                             (9) 

Table 4.  Parameters of LHTES component. 

Parameters Units Value  Reference 

Height/diameter of PCM domain m 1/0.3  
Porosity of PCM domain - 0.4  
Diameter of PCM encapsulation mm 50  
Quantity of PCM encapsulation - 324  
PCM weight kg 138  

Shell material - Aluminum  
Specific heat capacity of shell kJ/(kg·K) 900 [50] 
Thermal conductivity of shell W/(m·K) 238 [50] 
Shell density kg/m3 2700 [50] 
Shell thickness mm 3  
Shell weight kg 20  

The charging and discharging thermal power of LHTES component was calculated from the temperature 
difference of HTF from inlet and outlet, as shown in Eq. (10) and Eq. (11). The stored or released thermal 
energy in the LHTES component were obtained with Eq. (12) and Eq. (13).  

, ,( )ch ch pf ch in ch outq m c T T= −                                                                                                                                         (10) 

, ,( )disch disch pf disch out disch inq m c T T= −                                                                                                                                     (11) 

0
d

t

ch chQ q t=                                                                                                                                                      (12) 

0
d

t

disch dischQ q t=                                                                                                                                                 (13) 

Firstly, the charging process were computed in COMSOL with different inflow rate proportion. Considering the 
melting and solidification temperatures, the initial temperature in this model was set as 24 °C, which is the end 
temperature of discharging process. Different meshing methods with mesh elements of 2244, 4134, 6747 were 
compared and the difference in the calculation results can be ignored. The curves of accumulated thermal 
energy during charging process with inflow rate proportion of 0.2, 0.3 and 0.5 are exhibited in Figure 7. In this 
study, the inflow rate was selected as 30% of radiator return water and the complete melting time was 4.4 
hours. 

 

Figure 7.  Accumulated thermal storage with different inflow rate.  

The mass flow rate of discharging process was set as the same with charging process. The discharging 
process is related to the outside heat exchanger, which is explained in Section 2.4. With the cooling effect of 
the heat exchanger, the inlet temperature is variable during the charging process.  

2.4. Heat exchanger 

The shell-and-tube heat exchanger with one-pass shell was designed, totally 14 tubes with diameter of 0.04 

m and height of 1 m. Water flows in the tubes, and air flows counter-currently between the shell and tubes. 
The material and thickness of shell and tubes are Aluminum and 3 mm, respectively. The heat transfer 

coefficient (
hexU ) of the shell-and-tube heat exchanger was set as 500 W/(m2·K) [52].  
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The heat capacity of heat exchanger is calculated with Eq. (14). According to  -NTU method (effectiveness-

number of transfer units) [53], the maximum heat transfer rate between water and air is given in Eq. (15), 

where 
minC is the minimum of 

dischC  and 
airC . The value of 

airC was determined by comparison of commercial 

pumps.  The thermal capacity ratio ( Cr ) and NTU  is calculated with Eq. (16) and Eq. (17). For counter-current 

flow, the effectiveness is obtained with Eq. (18).  

, , ,( ) ( )hex disch disch out disch in air air out ambq C T T C T T= − = −                                                                                                                                (14) 

max min ,( )disch out ambq C T T= −                                                                                                                                      (15) 

min max/Cr C C=                                                                                                                                                 (16) 

min/hexNTU U A C=                                                                                                                                                      (17) 

 
(1 ) (1 )

max/ 1 / 1NTU Cr NTU Cr

actualq q e Cr e − − − −   = = − −                                                                                                                        (18) 

Through the Eq. (14)-Eq. (18), 
,disch inT  and 

,air outT can be obtained by overall analysis of the heat exchanger. It 

is assumed that the inlet temperature of LHTES is cooled down under the influence of average actual heat 
transfer rate.   

2.5. Performance evaluation 

The rated heat capacity of heat pump was designed to cover 60% of the required heat demand at DOT, which 
covers around 90% of the annual heating demand [41]. The COP of heat pump is the ratio of heat pump 
capacity to the compressor power input, as shown in Eq. (19). In this study, COP was assessed with the 
ambient temperature based on commercial heat pump data.  

/hp compCOP q P=                                                                                                                                                       (19) 

The electrical appliances in this system includes a compressor, two pumps, a fan and a supplementary 
electrical heater. The extra power of electrical appliances is shown in Eq. (20). 

tot comp pump fan electP P P P P =  +  +  +                                                                                                                                         (20) 

The levelized cost of energy is calculated with Eq. (18) [54]. 

( )   1 1
/ (1 ) / / (1 )

N Nt t

t t tt t
LCOE CAPEX OPEX i E i

= =
   = + + +                                                                           (21) 

The compressor, fan and pump 6 in Figure 4 are assumed to be the same in the typical system and in the 
integrated system due to their abilities to be adjusted within a certain operating range. The extra capital cost 
(CAPEX) in integrated system is LHTES component (PCM and tank), heat exchanger and pump 10, as 
exhibited in Table 5.  

Table 5.  Extra capital costs of integrated system. 

Components PCM Tank of LHTES  Heat exchanger Pump 10 Total 

Price (€) 509 467 187 334 1498 

3. Results and discussions 

3.1. Techno-analysis 

The total heat pump capacity of integrated LHTES and HP system and typical system is displayed in Figure 8 
for November 2022. The heat pump capacity is fluctuating in the integrated system. The capacity above the 
typical system curve is due to the charging of the LHTES component during off-peak periods. More energy is 
required from heat pump side. The capacity below the typical system curve is the process by which LHTES 
releases heat to preheat inlet air as heat source of the heat pump. The warmer air into the evaporator with 
higher temperature contributes to COP increase, which leads to the decrease of heat pump electric power 
demand, reducing thus the electricity cost and allowing peak/load shifts alleviating thus the electricity grid 
supply. 

During the on-peak periods in the integrated system, the warmer air temperature rises to 5.9 °C~8.9 °C, leading 
to the increase in COP between 3.74 and 3.91 compared to 3.56 for the typical system. The amount of the 
shifted electricity from on-peak to off-peak periods is 25.6 kWh.  

3.2. Economic-analysis 

The heating costs including electricity trading price, tax, transmission fee and value-added tax [20] are 
presented in Figure 9. As it can be seen in Figure 9 (b), the hourly heating costs of integrated system are lower 
than the typical system during on-peak periods, while the heating costs increase during the off-peak periods 
with higher heat pump electricity input for charging. The peak/load shifting scheme can potentially compensate 
for the increased heating costs. From the view of whole November, the monthly accumulated heating costs in 
the integrated system are 0.8% higher than in the typical system.  



 

 

Figure 8. Total heat pump capacity. 

      

(a)                                                                            (b) 

Figure 9. Heating costs: (a) in November 2022; (b) on Nov 2, 2022. 

In case the relationship between average electricity trading prices during on-peak and off-peak periods is 

2.35 8 €/MWh5 onpeak offpeakRP PR  +  in November 2022, the reduced heating cost will overweight the 

increased cost in integrated system and will breakeven the investment. In addition, the alleviated peak/load 
shifting allows the reduction of the power plants and electricity grid expansion costs. 

Assuming the life periods of the integrated system is 15 years and the discount rate at 10%, with heating 
months from September to April in Stockholm, the LCOE leads to 0.072 €/kWh. 

4. Conclusions 
This paper proposed a novel layout of LHTES component integrated to the return line of radiator in a heat 
pump heating system. The heating demand of a typical multi-family building was calculated. A packed bed 
cylindrical LHTES component was simulated in an axisymmetric 2D model with spherical encapsulated PCM. 
The LHTES component was connected to a shell-and-tube heat exchanger as a heat source for the evaporator. 
The results show that the LHTES needs higher thermal power input in charging, while the heat pump capacity 
is intrinsically lower during on-peak periods. This study needs further studies including the other months of the 
year with detailed LHTES and heat exchanger design. The LCOE can be further reduced from optimal tank 
sizing, heat storage materials selection and enhanced heat exchanger design. 
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Appendix A 
 

Nomenclature 
A  area, m2 

c  specific heat capacity, J/(kg·K) 
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C  heat capacity rate, J/(K·s) 

Cr  heat capacity ratio 

CAPEX  capital expense, SEK 

OPEX  operating expense, SEK 

COP  coefficient of performance 

E  annual generated energy 

d  diameter of PCM encapsulation, m 

DOT  designed outdoor temperature, K 

h  heat convective coefficient, W/(m2·K) 

/H D  height to diameter ratio 

k  thermal conductivity, W/(m·K) 

LMTD  logarithmic mean temperature difference, K 

m  volume flow rate, kg/s 

n  radiator exponent 

N  year N  

Nu  Nusselt number 

P  power, W 

onpeakPR  average electricity trading price during on-peak periods, €/MWh 

offpeakPR  average electricity trading price during off-peak periods, €/MWh 

pro  proportion of water from radiator return water into LHTES 

q  thermal power, W 

Q  thermal heat, J 

r  discount rate 

t  time/year 

T  temperature, K 

u  velocity field 

U  overall heat transfer coefficient, W/(m2·K) 

bdUA  UA-value of building, W/K 

radUA  UA-value of radiator, W/Kn 

V  volume flow rate, m3/s 

  Difference between typical heat pump heating system and novel integrated system 

Greek symbols 

  porosity of packed bed 

  effectiveness 

  permeability of packed bed, m2 

  viscosity, Pa·s 

  density, kg/m3 

Subscripts and superscripts 

actual  actual value 

air  air 

amb  ambient 

bd  multi-family building 

ch  charging process 

comp  compressor 

elect  supplementary electrical heater 

disch  discharging process 



fan  fan 

hex  heat exchanger 

hs  heating system 

in  inlet 

ind  indoor 

loss  heat loss 

min  minmum 

out  outlet 

p  pressure 

pe  encapsulation of phase change material 

pump  pump 

rad  radiator 

re  radiator return side 

s  solid matrix (phase change material) 

shell  shell  of the LHTES component 

f  fluid (water) 

su  radiator supply side 

w  water 

Abbreviations 

HP heat pump 

HTF heat transfer fluid 

LHTES latent heat thermal energy storage 

LCOE levelized cost of energy 

NTU number of transfer units 

PCM phase change material 
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Abstract: 
This work proposes a thermochemical storage system for Iron, aluminium, and nickel oxidation/reduction 
reactions. The chemical looping process based on the analysed reaction pairs will involve high energy 
efficiencies, given their high energy density (40-80 MJ/l) and the contribution of reducing agents such as 
hydrogen and carbon monoxide. The mix of these reductor agents is considered according to the Baur-
Glassner diagram. In the charging process, it will make use of renewable energy sources (CSP+PV) to carry 
out the decomposition process (570°C or lower, depending on the number of stages in the reduction in the 
iron case). In the discharge phase (800°C depending on the metal and the particle radius), the reduced metal 
passes through a combustion chamber where it is oxidised, generating thermal energy useful for other 
processes, and obtaining metal oxides that will serve to close the proposed cycle. The temperatures required 
in the charge/discharge processes by the different metals have been studied, including an analysis of the 
energy integration of the different equipment and heat for processes. The simulations were carried out in the 
commercial software EES to evaluate the more suitable metals to obtain the reductant. a Round Trip Efficiency 
study has been carried out to evaluate the different TCES configurations. 

Keywords: 
Thermochemical storage, Chemical looping, Hydrogen, Energy integration, Round Trip Efficiency. 

1. Introduction 
Reducing dependence on carbon sources meeting the growing energy demand of society [1], is together with 
climate change one of the main challenges facing the world today [2]. One of the current lines of greatest 
development is energy storage. Have systems that take advantage of the surplus energy production offered 
by other facilities to be used later.Developing low-carbon energy carriers has become crucial for reducing 
dependence on fossil fuels in energy production and distribution. This, together with other fundamental aspects 
of decarbonization and the use of renewables, leads to the search for cost-efficient energy storage systems. 
Energy storage is crucial for a market with a high presence of renewable generation. To increase the availability 
of renewable generation and increase the inertia of the grid. One of the main advantages of energy storage is 
the possibility of designing renewable facilities of greater capacity, improving their inertia in the electricity grid 
[3]. Parameters for the competitiveness of renewable energies.  
Different types of energy can be stored depending on the systems to which they are linked [4] and the form in 
which the energy is stored/released: chemical, electrical, magnetic, electrochemical, mechanical, and thermal 
storage systems [5]. The use of these systems supports installations to produce electricity.Metal oxides can 
be integrated as energy storage systems [6]. These materials have been studied from the electrical point of 
view, to be used directly in batteries. Recently, they have been studied as regenerative fuel sources [7], in 
reactors with metals as a fuel source, taking advantage of the thermal energy generated in the oxidation 
process [8]. It arises because of the high energy density of these materials, which require a lower fuel volume, 
availability, and regenerative capacity. The iron powder has been tested in the MP100 reactor developed by 
the University of Eindhoven [9]. There are possibilities for considering the use of a series of metals for this 
application. Based on the development of these reactors, it is feasible to create a thermochemical storage 
system based on metals, obtaining thermal energy from their oxidation. Regeneration of the reduced metal 
from different metal oxides can be obtained in elements such as nickel [10] or iron [9] from reducing agents 
such as Hydrogen or Carbon Monoxide [11]. Having identified the possibility of integration of these systems, 
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this work analyses different configurations of thermochemical storage systems, analysing their potential as 
energy storage systems [11] and their potential to advance in this line.   

2. State of the art 
2.1. Energy storage based on metals 
Metals have high energy densities when compared to other types of fuels. The graph below shows the 
gravimetric energy density [MJ/kg] versus the volumetric energy density [MJ/L] of a wide range of fuels used 
today.  

 
Figure. 1. Gravimetric energy density versus volumetric energy density of different fuels.[8] 

Figure 1 shows a number of metals with high volumetric energy densities, like Iron, providing the opportunity 
of reducing the required volume for an energy design and smaller equipment if used in oxidation/combustion 
processes. Figure 1 shows the main metals studied. This study also will address the use of Nickel, that is not 
included in Figure 1 [8]. Their use in an energy storage system considers a closed chemical looping system, 
operating sequentially on loading and discharging stages, where the metal is oxidised and regenerated. The 
metals subjected to the oxidation/combustion process will form the discharge system. The metal oxides formed 
in the process will be stored in the loading system, from which the initial fuel will be regenerated from a 
reduction process [13]. Figure 2 shows a general operating scheme that has been proposed that will be used 
for assessing the use of different metals: 
 

 
Figure. 2. General diagram of the storage system. 

The cycle is divided into two main blocks/reactors: 
• Charging system: Consists of two subsystems. The storage and management of metal oxide and the 

management of the reducer to reconvert the product of the discharge into fuel. 
• Discharging system: Management of the storage and oxidation of the original fuel in the discharge 

reactor. 



For the operation of the loading system, two possible reducers will be considered: carbon monoxide as a 
reductant as a product of synthesis gasification and hydrogen. This hydrogen can be produced within the 
gasification or by electrolysis powered by photovoltaic or wind energy. The selected metals to analyse the 
concept were Fe, Al, and Ni. 
2.3. State diagrams 
2.3. 1 Charging process 
Departing with the charging process, integrating a metal oxide and a reducer generates a reduced metal. The 
reaction requires appropriate temperature and reaction conditions. In this work, Fe and Ni have been 
considered. To identify their behaviour and evolution under different conditions, their state diagrams graphs 
were modelled in the FactSage program for the following combinations of metals and reducers: 

Table 1. Generated status diagrams. 

Chart No. Process Elements evaluated 

1 Reduction Fe – H2 – H2O 
Fe – CO – CO2 

2 Reduction Al – H2 – H2O 
Al – CO – CO2 

3 Reduction Ni – H2 – H2O 
Ni – CO – CO2 

4 Oxidation Fe – O2 
5 Oxidation Al – O2 
6 Oxidation Ni – O2 

 
The elements were included using the FactPs and FToxid databases [12] These state diagrams provide 
guidelines about phase equilibria temperatures depending on the amount of oxidiser or reductant in the 
reactors. In this environment, metals, their oxides, oxygen, reducers, and their products are considered. These 
graphs provide the temperatures for reducing metal oxides as a function of the minimum metal fraction and 
the operating atmospheres of CO / CO2 and H2 / H2O [13]. Different reduction processes of iron oxide are 
considered for the generation of DRI (Direct Reduced Iron) [14]. The Bauer-Glaessner diagram can be used 
to [10] compare the reducer's concentrations and process temperatures using Carbon Monoxide and Hydrogen 
[11]. The curves for the case of Aluminum and Nickel used in this study obtained using FactSage, are 
presented in Figure 3. 

 
Figure. 3. Comparison of temperatures in the reduction of oxides of Iron and Aluminum. 

 
2.2.3 Discharging process 
The oxidation process is studied for the selected metals. The Figure 4 represents the equilibrium curves and 
metal concentration in all cases.  



 
Figure. 4. Comparison of temperatures in the oxidation of Iron, Aluminum and Nickel. 

The analysis of gigures 3 and 4 shows seen how in the case of Iron and Aluminum, different metal oxides can 
be obtained depending on the reaction temperature and the proportion of metal and oxidiser. On the other 
hand, it is also observed that in the reduction processes, depending on the metal chosen, a different amount 
of reducer is required if Hydrogen or Monoxide is chosen as a reducing agent.  

2.3.4 Reducer mixtures 
As can be seen in the case of Iron, reducer concentrations mark different equilibrium curves. For mixtures of 
CO and H2, as in the case of syngases, the resulting equilibrium curve will be between the two represented in 
the diagram, in a phase diagram with intermediate states that depend on the concentration of the reducer 
mixture, Figure 5. 

 
Figure. 5. Baur-Glaessner diagram for CO-H2 mixtures as reducing agent.[14] 

It is observed how the equilibrium curves are distributed between the two extreme cases depending on the 
concentration of reducers in the mixture and the amount of monoxide present. Therefore, regarding the 
proposed charging system, cases have been studied in which only Hydrogen or Carbon Monoxide is available 
as a reducer agent. The reducer management schemes in both cases could be as presented in Figure 6: 

 
Figure. 6. Possible operating schemes for the reducing agent. 

2.3.2 Activation energies 
A relevant aspect is the activation energy of the reactions. It will penalise the available energy, both in the case 
of the charge and the discharge. The energy needed to activate the process will depend, among other factors, 
on the kinetics of each reaction. The dependencies of variables depend on each reaction. Accurate information 
can be obtained by measuring the concentrations through thermogravimetric analyses. Based on the 
experimental results of the specific results, methods such as Kissinger's are used [15] to determine the kinetic 
characteristics of the reaction. The activation energies of the following reactions are identified in the literature: 



Table 2. Activation energies. 

Reaction Mechanism Minimum [kJ/mol] Maximum [kJ/mol] 
𝑁𝑁𝑁𝑁𝑁𝑁(𝑠𝑠) + 𝐻𝐻2(𝑔𝑔)  ⇄ 𝑁𝑁𝑁𝑁 (𝑠𝑠) + 𝐻𝐻2𝑁𝑁 (𝑔𝑔) Reduction 85 [16] 126 [16] 

𝑁𝑁𝑁𝑁(𝑠𝑠) +
1
2

 𝑁𝑁2(𝑔𝑔)  ⇄ 𝑁𝑁𝑁𝑁𝑁𝑁 Oxidation 172,38 [17] 209,2 [17] 
3𝐹𝐹𝐹𝐹(𝑠𝑠) + 2𝑁𝑁2(𝑔𝑔)  ⇄ 𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) below 570°C Oxidation 130 [18] 170 [18] 

3𝐹𝐹𝐹𝐹2𝑁𝑁3(𝑠𝑠) + 4𝐻𝐻2(𝑔𝑔) ⇄ 2𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 4𝐻𝐻2𝑁𝑁(𝑔𝑔) Reduction 89,1 [19] 282 [20] 
𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 4𝐻𝐻2(𝑔𝑔) ⇄ 3𝐹𝐹𝐹𝐹(𝑠𝑠) + 4𝐻𝐻2𝑁𝑁(𝑔𝑔) Reduction 54,0 [19] 167 [21] 

2𝐹𝐹𝐹𝐹(𝑠𝑠) +
3
2
𝑁𝑁2(𝑔𝑔)  ⇄ 𝐹𝐹𝐹𝐹2𝑁𝑁3(𝑠𝑠) Oxidation 110 [22]  

𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 𝐻𝐻2(𝑔𝑔)  ⇄ 3𝐹𝐹𝐹𝐹𝑁𝑁(𝑠𝑠) + 𝐻𝐻2𝑁𝑁(𝑔𝑔) Reduction 47 [23]  
𝐹𝐹𝐹𝐹𝑁𝑁 (𝑠𝑠) + 𝐻𝐻2(𝑔𝑔)  ⇄ 𝐹𝐹𝐹𝐹 (𝑠𝑠) + 𝐻𝐻2𝑁𝑁(𝑔𝑔) Reduction 30 [23]  

To determine the power of the use of the metals selected for the described application, a theoretical Round-
Trip Efficiency (RTE) [24] is defined [25]. It determines the energy recovery potential of the system at different 
operating temperatures, equation 1.  

 𝜂𝜂𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑄𝑄𝐴𝐴𝐴𝐴
𝑄𝑄𝑁𝑁

=
�𝑄𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝐸𝐸𝐴𝐴𝐷𝐷𝑑𝑑𝑑𝑑𝑑𝑑ℎ�
�𝑄𝑄𝑑𝑑ℎ + 𝐸𝐸𝐴𝐴𝑑𝑑ℎ�

  (1) 

 
Where 𝑄𝑄𝐴𝐴𝐴𝐴 refers to   the energy per mole of fuel available in the discharge process. This is determined from 
the discharge energy per mole of fuel obtained, 𝑄𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 minus the activation energy term needed to start the 
process 𝐸𝐸𝐴𝐴𝐷𝐷𝑑𝑑𝑑𝑑𝑑𝑑ℎ. The same reasoning is applied to the charging process, 𝑄𝑄𝑁𝑁 where 𝑄𝑄𝑑𝑑ℎ is the energy per mole 
of fuel necessary for the reduction of the metal oxides studied and refers to the term of activation energy 
necessary to start the charging process 𝐸𝐸𝐴𝐴𝑑𝑑ℎ, Figure 7. 
 

 
Figure. 7. Theoretical Round Trip Efficiency of Iron. 

3. Results and discussion 
3.1. Description of the system 
Considering the layout in Figure 2, two sources have been taken to obtain the reducer. First, there is the 
possibility of using hydrogen from electrolysis. This process will be powered by a photovoltaic solar installation. 
On the other hand, the production of carbon monoxide through gasification from synthesis is proposed.  
3.2. Calculation of properties 
For the analysis of the different configurations, metals and potential metal oxides, a series of models have 
been implemented in OpenModelica [26], [27]. An OpenModelica library for the calculation of thermodynamic 
properties has been implemented based on Glenn coefficients[28], equations 2 to 4.  

 𝑐𝑐𝑝𝑝° (𝑇𝑇)
𝑅𝑅

= 𝑎𝑎1𝑇𝑇−2 + 𝑎𝑎2𝑇𝑇−1 + 𝑎𝑎3 + 𝑎𝑎4𝑇𝑇 + 𝑎𝑎5𝑇𝑇2 + 𝑎𝑎6𝑇𝑇3 + 𝑎𝑎7𝑇𝑇4 (2) 

 ℎ°(𝑇𝑇)
𝑅𝑅𝑇𝑇

= −𝑎𝑎1𝑇𝑇−2 + 𝑎𝑎2
𝑙𝑙𝑙𝑙𝑇𝑇
𝑇𝑇

+ 𝑎𝑎3 + 𝑎𝑎4
𝑇𝑇
2

+ 𝑎𝑎5
𝑇𝑇2

3
+ 𝑎𝑎6

𝑇𝑇3

4
+ 𝑎𝑎7

𝑇𝑇4

5
+ 𝑏𝑏1𝑇𝑇−1 (3) 



 𝑠𝑠°(𝑇𝑇)
𝑅𝑅

= −𝑎𝑎1
𝑇𝑇−2

2
− 𝑎𝑎2𝑇𝑇−1 + 𝑎𝑎3𝑙𝑙𝑙𝑙𝑇𝑇 + 𝑎𝑎4𝑇𝑇 + 𝑎𝑎5

𝑇𝑇2

2
+ 𝑎𝑎6

𝑇𝑇3

3
+ 𝑎𝑎7

𝑇𝑇4

2
+ 𝑏𝑏2 (4) 

Using the coefficients by intervals for each element/substance, the demands and energy released in the 
loading and unloading processes can be calculated [29]. The "Equilibrium" module included in FactSage has 
been used, as well as the [30] Chemical Equilibrium Applications (CEA), for the verification of the calculation 
of the properties[31], [28]. A second library was generated aimed at performing energy analysis of the 
charge/discharge processes where the enthalpies of the reaction and Gibbs free energy of all processes were 
calculated.  

 ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑑𝑑 =  �𝑙𝑙𝑃𝑃 · ∆ℎ(𝑇𝑇),𝑃𝑃 −  �𝑙𝑙𝑅𝑅 ·  ∆ℎ(𝑇𝑇),𝑅𝑅   (5) 
 𝑔𝑔 =  ∆ℎ − 𝑇𝑇∆𝑠𝑠 (6) 

The reaction enthalpies were calculated based on the moles of metal in the reactors. In this way, the molar 
mass, the energy demand of the charging process, and the amount of energy of the discharge process 
produced per kilogram of metal can be calculated.  
3.3. Discharging process 
 
The processes modelled for the discharge of the thermochemical system are presented in Table 3 

Table 3.- Discharge reactions considered. 

 2𝐹𝐹𝐹𝐹(𝑠𝑠)  + 𝑁𝑁2(𝑔𝑔)  ⇄  2𝐹𝐹𝐹𝐹𝑁𝑁(𝑠𝑠) (6) 

 2𝐹𝐹𝐹𝐹(𝑠𝑠) +
3
2
𝑁𝑁2(𝑔𝑔)  ⇄ 𝐹𝐹𝐹𝐹2𝑁𝑁3(𝑠𝑠) (7) 

 3𝐹𝐹𝐹𝐹(𝑠𝑠) + 2𝑁𝑁2(𝑔𝑔)  ⇄ 𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) (8) 

 2𝐴𝐴𝑙𝑙(𝑠𝑠) +
3
2

 𝑁𝑁2(𝑔𝑔)  ⇄ 𝐴𝐴𝑙𝑙2𝑁𝑁3(𝑠𝑠) (9) 

 𝑁𝑁𝑁𝑁(𝑠𝑠) +
1
2

 𝑁𝑁2(𝑔𝑔)  ⇄ 𝑁𝑁𝑁𝑁𝑁𝑁 (10) 
 
The models performed simultaneous calculations within a temperature range from 300K to 3600K. This range 
was selected based on the analysis of phase diagrams.   

 
Figure 8.- OpenModelica graphical representation of reactor models. 

Graph 4, 5 and 6 shows the enthalpy and Gibbs free energy curves for the different reactions resulting from 
the simulations. 

 
Graph1.- Enthalpy of reaction and Gibbs free energy for possible oxidation reactions of Iron. 



 
Graph2.- Enthalpy of reaction and Gibbs free energy for the oxidation of Aluminum. 

 
Graph3.- Enthalpy of reaction and Gibbs free energy for the oxidation of Nickel. 

The variation of the power obtained per kilogram of fuel is observed in temperatures ranging from 300K to 
3600K. They show the high energy potential of these metals as fuels in oxidising processes. On the other 
hand, within the oxidation reactions studied for the case of Iron, it is known according to literature that the 
majority product generated in the oxidation process can be Hematite or Magnetite depending on the conditions.  
3.4. Charging processes  
In the charging process the reactions evaluated are presented in Table 4: 

Table 4.- Charge reactions considered. 

 
3𝐹𝐹𝐹𝐹2𝑁𝑁3(𝑠𝑠) + 4𝐻𝐻2(𝑔𝑔)  ⇄ 2𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 4𝐻𝐻2𝑁𝑁(𝑔𝑔) 
𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 𝐻𝐻2(𝑔𝑔)  ⇄ 3𝐹𝐹𝐹𝐹𝑁𝑁(𝑠𝑠) + 𝐻𝐻2𝑁𝑁(𝑔𝑔) 
𝐹𝐹𝐹𝐹𝑁𝑁 (𝑠𝑠) + 𝐻𝐻2(𝑔𝑔)  ⇄ 𝐹𝐹𝐹𝐹 (𝑠𝑠) + 𝐻𝐻2𝑁𝑁(𝑔𝑔) 

(11) 

 
3𝐹𝐹𝐹𝐹2𝑁𝑁3(𝑠𝑠) + 𝐶𝐶𝑁𝑁(𝑔𝑔) ⇄ 2𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 𝐶𝐶𝑁𝑁2(𝑔𝑔) 
𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 𝐶𝐶𝑁𝑁 (𝑔𝑔)  ⇄ 3𝐹𝐹𝐹𝐹𝑁𝑁 (𝑠𝑠) + 𝐶𝐶𝑁𝑁2(𝑔𝑔) 
𝐹𝐹𝐹𝐹𝑁𝑁 (𝑠𝑠) + 𝐶𝐶𝑁𝑁 (𝑔𝑔) ⇄ 𝐹𝐹𝐹𝐹 (𝑠𝑠) + 𝐶𝐶𝑁𝑁2(𝑔𝑔) 

(12) 

 𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 4𝐻𝐻2(𝑔𝑔)  ⇄ 3𝐹𝐹𝐹𝐹 (𝑠𝑠) + 4𝐻𝐻2𝑁𝑁(𝑔𝑔) (13) 
 𝐹𝐹𝐹𝐹3𝑁𝑁4(𝑠𝑠) + 4𝐶𝐶𝑁𝑁(𝑔𝑔) ⇄ 3𝐹𝐹𝐹𝐹(𝑠𝑠) + 4𝐶𝐶𝑁𝑁2(𝑔𝑔) (14) 
 𝑁𝑁𝑁𝑁𝑁𝑁(𝑠𝑠) + 𝐻𝐻2(𝑔𝑔)  ⇄ 𝑁𝑁𝑁𝑁 (𝑠𝑠) + 𝐻𝐻2𝑁𝑁 (𝑔𝑔) (15) 
 𝑁𝑁𝑁𝑁𝑁𝑁(𝑠𝑠) + 𝐶𝐶𝑁𝑁(𝑔𝑔)  ⇄ 𝑁𝑁𝑁𝑁 (𝑠𝑠) + 𝐶𝐶𝑁𝑁2 (𝑔𝑔) (16) 
 𝐴𝐴𝑙𝑙2𝑁𝑁3(𝑠𝑠) + 3𝐻𝐻2(𝑔𝑔)  ⇄ 2𝐴𝐴𝑙𝑙 (𝑠𝑠) + 3𝐻𝐻2𝑁𝑁 (𝑔𝑔) (17) 
 𝐴𝐴𝑙𝑙2𝑁𝑁3(𝑠𝑠) + 3𝐶𝐶𝑁𝑁(𝑔𝑔)  ⇄ 2𝐴𝐴𝑙𝑙 (𝑠𝑠) + 3𝐶𝐶𝑁𝑁2 (𝑔𝑔) (18) 

Two different paths have been identified  for the reduction of Magnetite (𝐹𝐹𝐹𝐹3𝑁𝑁4),since if it is reduced to a 
temperature lower than 843K, the reduction occurs directly without passing through the state of Wüstite (FeO), 
as observed in Figure 3, It should also be noted within the initial scope of this study, Hydrogen, and Carbon 
Monoxide have been chosen as reductants, but the use of combinations of metals in the reduction process 
that requires a lower amount of energy in the process can be studied.  

3.4.1. Reduction of F2O3 to Fe at temperatures above 843K 
For temperatures above 570K the reduction of Hematite is done in three steps. First, it is reduced to Magnetite 
(Fe3O4). Subsequently, increasing the concentration of the reducer is passed from Magnetite to Wüstite 
(FeO). Finally, it is reduced to Iron. This 3-phase process has some interesting characteristics when compared 



to the loading processes of systems with Nickel or Aluminum since, depending on the operating conditions, up 
to two exothermic phases can be achieved, corresponding to the reduction of Hematite and Wüstite.  

 
Graph4.- Enthalpy and Gibbs free energy for the reduction of Hematite to Iron at temperatures greater than 

843K. 

It is observed that, in the first step of the process, the reduction of Hematite to Magnetite is spontaneous 
between 843K and 1800K. From that temperature, the equilibrium between phases is not given[12]. On the 
other hand, in the overall balance of the reduction, having the same temperature for all phases, the following 
process demand is obtained depending on the operating temperature: 

 
Graph5.- Total loading process in the reduction of Hematite at temperatures above 843K. 

It is observed how this configuration offers a variety of configurations where lower demands can be obtained 
than those shown if adequate temperatures of reduction of Hematite and Wüstite are chosen. In the same 
way, this demand can be reduced according to the reducer chosen in each phase. 

3.4.2. Reduction of F2O3 to Fe at temperatures below 843K 
In this case, the reduction occurs directly from the Magnetite phase to Iron. Therefore, the charging system 
would have two phases. An initial phase in which the Hematite is reduced obtaining Magnetite, and a final 
phase in which the Magnetite is reduced directly to Iron. This system, as in the previous one, can be operated 
at different temperatures depending on the phase being studied, so the system can operate as follows: 

• The first phase can occur at any temperature, provided that the product obtained is Magnetite.  
• Once Magnetite is obtained as a product, it is passed to a temperature within the study range. Process 

heat will be obtained from the temperature reduction. 
• When the temperature of the Magnetite is lower than the 843K that has been marked as a limit, the 

reduction to Iron is made.  

 
Graph 9.-6 Total loading process in the reduction of Hematite at temperatures below 843K. 

 



3.4.2. Reduction from NiO to Ni 
For this system of cages, the demand for the reduction process per kilogram of Nickel has been studied. In 
this case, as in the previous ones, the reduction has been compared using Hydrogen and Carbon Monoxide 
as reducers.  

 
Graph7.- Enthalpy and Gibbs free energy in the reduction of NiO to Ni. 

3.4.2. Reduction of Al2O3 to Al 
In the charging system corresponding to obtaining reduced Aluminum, the same approach has been followed 
as in the case of nickel, making a temperature analysis with the two reducers chosen. Taking this into account, 
the demand for the reduction of 1kg of Aluminum would be as follows: 

 
Graph8.- Enthalpy and Gibbs free energy in the reduction of Al2O3 to Al. 

 3.4. Energy Storage Layouts 
The energy storage layouts and processes are presented following the layout presented in Figure 2, with 
different configurations depending on the metal used, and in the case of Iron, depending on the temperature 
of reduction of Magnetite Three different systems are proposed: 

• System 1: In the case of working with Nickel or Aluminum.  
• System 2: In the case of working with Iron and carrying out the reduction of Magnetite to a temperature 

below 873K. It will have two charge stages. 
• System 3: For the case in which you work with Iron, the magnetite reduction process is carried out in 

2 stages, forming Wüstite in phase 2. 
The general operating schemes of the different configurations presented would be as follows: 
 

 
Figure 9.- Operating scheme type 1 charge / 1 discharge. 



 
Figure 10.- Operating scheme type 1 charge / 2 discharges, and operating scheme (2 charges/ 1 discharge). 

For the operating schemes in the case of Iron, the tanks defined as charge, in the case of the reduction of 
hematite will demand or offer energy to the system depending on the operating conditions that define the 
process.  
3.5. Performance 
This section makes ana preliminary study of the performance of the systems based on their Round-Trip 
Efficiencies. The same temperature has been considered for the charging and discharge processes, although 
any other could have been selected. The viability of the process and the RTE have a strong dependence on 
the reaction’s evolution.  

Table 5.-5 Results of RTE at different temperatures. 

Temperature [K] Metal System RTE Notes 
500 Fe 2 78,83% Oxidation to Fe2O3, reduction by H2 
800 Fe 3 78,92% Oxidation to Fe2O3, reduction by H2 
1100 Fe 3 87,89% Oxidation to Fe2O3, reduction by H2 

 
The description of the type of system in the table can be found in section 3.4.  
 
Once the graphs relating to the selected metals have been presented, and an RTE has been proposed for 
iron-based systems (due to having a wider and more reliable amount of information in these reactions), it can 
be observed how for ranges between 500K and 1800K, the oxidation processes of the three metals studied 
have an energy potential that can range since 2.4 MJ/kg in the case of Nickel to 5 MJ/Kg in the case of 
Aluminum. These results have been obtained under the assumption of complete conversion. As presented in 
[7], it is also verified that the work of the discharge system in the range of the proposed temperatures is 
possible. On the charging process side, the amount of energy required and the possibility of performing the 
reduction depending on the mechanism employed. It is verified that there are cases in which the most favorable 
reducing agent (energetically) is carbon monoxide, where differences of up to 1MJ / Kg of reduced metal can 
be found compared to using hydrogen as a reducing agent. On the other hand, taking into account the state 
diagrams presented in Figure 3, it is observed that the reduction process is more favorable energetically at 
certain temperatures, being usually more favorable when increasing the temperature of the process. The 
energy required in the reduction processes as a function of temperature is different for the three metals due to 
the stability of the phases. In terms of activation energies necessary for the processes, several sources in the 
literature have been evaluated, and those for which more information was available under the conditions that 
have been studied have been chosen for the initial estimation of the RTE. It is observed how the importance 
of determining the conditions in which the charging process will take place is vital to minimize the activation 
energies. It was considered that taking into account the conditions under which the activation energies were 
determined, those used for the determination of the RTE would be the ones of greater value, even considering 
that, for the reactions studied, these values may be higher. Finally, it is observed that the values of RTE vary 
between 78% and 88%.  

4. Conclusions 
This work presents a preliminary analysis of metal-based energy storage systems. The energy potential of 
these types of reactions raises the modality of the proposed thermochemical storage system. The analysis in 
a wide range of temperatures shows how there are conditions for charge and discharge reactions, which make 
using metals as a thermochemical storage base possible. The systems were modelled in an OpenModelica 
library. It has been assembled where the entire modelling process has been carried out, from the properties 
of the materials to the study of the reactions. This library is designed to be able to make comparisons with 
laboratory tests and will serve as support for the study of this storage system. 



The analyses show the feasibility and potential of the proposed energy storage layouts. Taking into account 
the range of working temperatures, it opens the possibility of integrating these facilities in processes with high 
thermal production, increasing the energy integration of existing facilities with the possibility of energy recovery. 
The analyses show how activation energies for the specific working conditions affect the round-trip efficiency 
values.  
For this proposal of thermochemical energy storage based on the combustion of metals, the interest that the 
use of this type of materials as fuel can offer is observed. Among the points raised in this article, different lines 
of study are opened that will have this concept as a starting point. They include the study of the integration of 
green hydrogen production facilities from photovoltaic solar energy in this system, as well as carbon monoxide 
production plants and energy integration of the system depending on the chosen configuration.  
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Nomenclature 
𝐹𝐹𝐹𝐹       Iron 
𝐹𝐹𝐹𝐹2𝑁𝑁3  Hematite 
 𝐹𝐹𝐹𝐹3𝑁𝑁4   Magnetite 
𝐹𝐹𝐹𝐹𝑁𝑁  Wüstite 
 𝐴𝐴𝑙𝑙  Aluminium 
 𝐴𝐴𝑙𝑙2𝑁𝑁3 Aluminum Oxide 
  𝑁𝑁𝑁𝑁 Nickel 
  𝑁𝑁𝑁𝑁𝑁𝑁 Nickel (II) oxide 
  𝐶𝐶𝑁𝑁 Carbon monoxide 
  𝐻𝐻2 Hydrogen 
  𝐶𝐶𝑁𝑁2 Carbon Dioxide 
  𝐻𝐻2𝑁𝑁 Water 
  𝑐𝑐𝑝𝑝 Heat capacity  [kJ/(kg·K)] 
  ℎ Especific enthalpy [kJ/kg (fuel)] 
  𝑠𝑠 Especific entropy [kJ/(mol·K)] 
  𝑔𝑔 Gibbs free energy [kJ/kg (fuel)] 
  𝑅𝑅𝑇𝑇𝐸𝐸 Round Trip Efficiency [-] 
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Abstract 

Tube in tube phase change material (PCM) heat exchangers have great potential as latent thermal energy 
storage (LTES) systems. However, sizing and designing these systems is still a challenge. Standard heat 
exchanger models cannot be applied due to the non-linear and transient heat transfer behavior of the PCM. 
Several alternative methods are suggested but these models are unable to predict the complete outlet state 
as a function of time. To fill this gap, an analytical model is derived to estimate the phase change front position 
as a function of time. It is proposed that the time the front needs to reach a certain vertical position is a linear 
function of the position. To validate the proposed analytical model, experiments are performed on a vertical 
tube in tube heat exchanger with varying inlet conditions. In the inner tube, water flows as heat transfer fluid 
(HTF). A paraffin is used as PCM in the outer tube. The phase change front position is evaluated at the outside 
of the tube. The movement of the phase change front is represented by plotting the vertical position of the front 
as a function of time. The position of the front is determined based on visual measurements using a camera 
placed next to the tube. By predicting the front position as a function of time, the performance of the heat 
exchanger can be determined. Different designs can be compared more easily, without needing to 
experimentally test or simulate, leading to a shorter and less expensive design phase for LTES systems, 
enhancing their large-scale roll-out. 

Keywords: 

Latent thermal energy storage; Phase change material; Tube in tube; Phase change front. 

1. Introduction 
Latent thermal energy storage (LTES) systems are regarded as an effective means of storing thermal energy, 
utilizing phase change materials (PCMs) that absorb or release energy during the phase change. The 
European Union (EU) has set ambitious goals concerning energy efficiency and reducing carbon emissions 
[1, 2]. To reach these goals, the EU has made energy storage systems one of its research goals [2]. Especially 
thermal energy storage systems are of paramount importance, as 50% of our energy use is thermal [3]. LTES 
systems offer an effective way to store thermal energy, which is beneficial in reducing energy consumption 
during peak demand periods and can help in the reduction of reliance on fossil fuels. 

Different types of LTES systems exist. A distinction can be made between systems that use or do not use heat 
transfer fluids (HTFs) to exchange heat or cold [4]. In this paper, the focus is on LTES systems that use HTFs: 
LTES heat exchangers. Different geometries are possible but the shell and tube configuration is the most 
commonly used [5]. 

However, designing an effective LTES heat exchanger can be challenging. The key design problem requires 
determining the heat transfer rate from HTF to PCM (or from PCM to HTF) as a function of time and the outlet 
HTF temperature as a function of time, based on the system's geometrical and operational conditions [6]. 
When designing conventional heat exchangers, the effectiveness-number of transfer units (NTU) and 
logarithmic mean temperature difference (LMTD) methods can be used. The methods are developed for heat 
exchangers which reach a steady state, implying that the local state of the heat transfer fluid is no longer a 
function of time. However, LTES systems are transient in nature [4], consequently, these methods are not 
applicable to such systems. 

Previous attempts have been made to develop analytical methods that are suitable for LTES heat exchanger 
design. Some of the methods that have been proposed are the average effectiveness method, which was 
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introduced by Tay et al. [6, 7], and the phase change time method proposed by Raud et al. [8]. However, these 
methods only allow an estimation of a specific aspect of the outlet state of an LTES heat exchanger. Another 
approach is the charging time energy fraction method (CTEFM) method developed by Beyne et al. [9], which 
allows the outlet HTF temperature to be estimated as a function of time. However, this method cannot be used 
as a design method, as fitting to experimental data is required. Alternatives such as purely experimental 
methods and Computational Fluid Dynamics (CFD) based design are often too expensive and time-consuming. 

Despite the above-mentioned efforts, there is still a gap in LTES heat exchanger design methodology. 
Therefore, there is a need for further research to develop more accurate and cost-effective analytical methods 
that can be used to design LTES heat exchanger systems with high efficiency and performance, for specific 
applications. 

Recently, Beyne et al. [10] developed an analytical solution to predict the performance of LTES heat 
exchangers based on the heat transfer model of a cross section. A model is used for the local heat transfer 
under constant boundary conditions, based on the solution to the Stefan problem. In the Stefan problem, 
sensible heat is neglected compared to the latent heat of the PCM and the phase change is assumed to occur 
isothermally. The phase change problem is considered purely conductive and the PCM properties are 
assumed independent of the temperature. Computation of the phase change front location as a function of 
time allows determining the phase change fraction as a function of time. This relates to the PCM internal 
energy per unit of heat transfer surface. Next, this solution is integrated to determine the overall phase change 
fraction of the complete LTES heat exchanger. In [10] this analytical solution is verified for a planar geometry 
by comparing it to a numerical simulation. The results had small average deviations for the phase change 
fraction and effectiveness. The total phase change time was very well predicted. 

 

 

Figure 1. Schematic of tube in tube system during phase change. 

In this paper, the proposed analytical method will be evaluated based on experimental data of a tube in tube 
LTES heat exchanger. The geometry is schematically shown in Figure 1. Similar to the planar geometry, 
analytical equations can be derived to predict the phase change front behavior as a function of time, now for 
a cylindrical geometry. The overall phase change fraction of a tube in tube heat exchanger can be determined 
based on the position of the phase change front in a cylindrical cross-section with constant boundaries, which 
relates to the PCM internal energy per unit of heat transfer surface. When this solution is integrated over the 
heat exchanger, the overall phase change fraction of the complete LTES system can be determined. 

Beyne et al. [10] states that the phase change front moves linearly in time over the length of the tube. The time 
for the front to reach a certain vertical position 𝑥 = 𝑥1 is then given by Equation 1. The 𝑥-axis indicates the 
position of the phase change front at the outer diameter of the tube, as indicated in Figure 2. 

 𝑡(𝑥1) = 𝑡0 + 𝜎. 𝑥1 1 

𝑡0 is the time that is needed for the phase change front to reach the outer diameter of the PCM tube for the 

first time, thus at height 𝑥 = 0. The slope 𝜎 can be estimated as in Equation 2. 𝑈𝑎 is the latent heat of phase 

change of the PCM per length unit. �̇� and 𝑐𝑝 are respectively the mass flow rate and specific heat capacity of 



 

 
the HTF, and Δ𝑇0 is the temperature difference between the HTF temperature at the inlet and the PCM phase 
change temperature. 

 𝜎 =
𝑈𝑎

�̇�𝑐𝑝Δ𝑇0

 2 

 
Figure 2. Section of tube in tube heat exchanger with phase change front schematically shown. 

Mehling and Cabeza [11] provide a correlation for the radial movement of the phase change front in a one-
dimensional cylindrical geometry. This correlation is based on the solution to the Stefan problem. Equation 3 
denotes the time 𝑡 that is needed for the phase change front to move a distance 𝑠 away from the HTF tube 

with radius 𝑟. Equation 3 can be split up into two factors. The first factor relates the front position 𝑠 to the phase 

change fraction, defined based on the latent heat of phase change the PCM ℎ𝑙𝑎𝑡, the density of the PCM 𝜌𝑃𝐶𝑀, 
the thermal conductivity 𝑘 of the PCM and the temperature difference 𝛥𝑇0 between HTF temperature at the 

inlet and the phase change temperature of the PCM. The second factor 𝑓 is a function of the ratio of the thermal 

conductivity 𝑘 of the PCM to the convective heat transfer coefficient ℎ of the HTF and the radial front position 
𝑠. This factor describes the deviation of the solution compared to the solution of the Stefan problem, due to 
the boundary effects of the HTF. For the considered tube in tube heat exchanger, the second factor can be 
calculated as in Equation 4. It is assumed that the thickness of the HTF tube wall is much smaller than the 
outer HTF tube radius 𝑟 and that the conductivity of the HTF wall is much larger than the conductivity of the 
PCM. These assumptions apply to the considered experimental setup (see Section 2). Equation 3 can be used 
to calculate 𝑡0 in Equation 1, by defining 𝑠 = 𝑅 − 𝑟. 

 𝑡(𝑠) =
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A series of experiments on a tube in tube heat exchanger are conducted while the position of the phase change 
front is tracked over time. The observed results regarding the phase change front position are compared to 
the expected front position, based on the correlations from Beyne et al. [10] and Mehling and Cabeza [11], 
mentioned above. The accuracy of the proposed analytical model is investigated. 

2. Setup description 
The heat exchanger tested, is a tube in tube configuration with a length of one meter, which is oriented vertically 
to take advantage of the axisymmetry [12]. In this configuration, the heat transfer fluid (HTF) flows through the 
inner tube, while the PCM is located in the shell region. The direction of flow of the HTF can be changed using 
two three-way valves. During the melting process, the HTF flows from the top of the heat exchanger to the 
bottom. During the solidification process, it flows in the opposite direction to limit thermal stresses imposed by 
the PCM volume change. 

The HTF flows through a copper tube with an outer diameter of 15 mm and a wall thickness of 2 mm. The 
copper tube is positioned concentrically within a transparent polycarbonate tube, which houses the PCM. The 



 

 
shell has an outer diameter of 60 mm and a wall thickness of 3 mm. In the experiments, the paraffin RT35HC 
provided by Rubitherm [13] is used. This nontoxic PCM has a high thermal storage capacity and stable 
performance during the phase change cycles. An overview of the properties of RT35HC can be found in Table 
1. A total of 1.497 kg of PCM is used during the experiments, which corresponds to a total latent heat capacity 
of about 380 kJ. Water is used as HTF. 

Table 1: RT35HC properties [13]. 

Melting area 34-36 °C 

Congealing area 36-34 °C 

Specific heat capacity 2 kJ/kgK 

Density solid (at 25°C) 0.88 kg/l 

Density liquid (at 60°C) 0.77 kg/l 

Heat conductivity 0.2 W/mK 

Max. operating temperature 70 °C 

 

 
Figure 3. Picture of the setup: insulation box. 

 
Figure 4. Schematic of the heat exchanger with camera 

slider, placed inside the insulation box. 

A picture of the setup and a schematic of the heat exchanger be seen in respectively Figure 3 and Figure 4. 
Next to the tube, a camera on a linear slider is placed to allow observation of the location of the phase change 
front over the complete tube length. The whole of the heat exchanger and camera slider are placed in a big 
box filled with insulation granulates [14]. This way, thermal losses are limited in a uniform way. On the 
schematic, the thermocouples which are used to measure the temperature of the PCM and the HTF are 
indicated. The temperatures inside the PCM are measured with 18 1 mm K-type thermocouples, placed every 
10 cm in the axial direction. At each height, a temperature measurement at both 0.5 and 1 cm from the outside 
shell wall is performed. These thermocouples are calibrated to an uncertainty of ± 0.15 °C and are acquired 
by a Keithley 2700 multiplexer with a sampling rate of 2.5 s. The temperatures at the HTF inlet and outlet of 
the heat exchanger are also measured. Mixers are inserted into the HTF tubes, ensuring the thermocouples 
measure the bulk HTF temperature. Before and after each mixer, a 1.5 mm K-type thermocouple was added. 
This way, both melting and solidification experiments can benefit from the effect of the mixers. These 
thermocouples are again calibrated with an uncertainty of ± 0.15 °C and are sampled with a sampling rate of 
0.5 s, as the transient behavior needs to be captured. During melting, TC1 and TC3 will be used as respectively 
inlet and outlet of the HTF in the heat exchanger. While during solidification, this will be TC2 and TC0, as now 
the HTF flows from bottom to top. 



 

 
In Figure 5 a picture taken during a melting experiment is shown. The figure includes a tape measure and a 
part of the transparent container, where the PCM can be seen. The transparent PCM is liquid, the white is 
solid. 

 

Figure 5. Picture of the phase change front during melting, taken with the camera installed next to the tube in tube 
heat exchanger (𝑥 = 72.4 cm). 

 
In Table 2 an overview is given of the operational conditions of the considered melting experiments performed 
on the above-described setup. For each experiment, the HTF mass flow rate and two temperature differences 
are given. ∆𝑇0 quantifies the difference between the HTF inlet temperature and the phase change temperature 

(here assumed equal to 35 °C). ∆𝑇𝑖𝑛𝑖𝑡 is the difference between the phase change temperature and the initial 
temperature of the PCM. To define the initial PCM temperature, the mean of all PCM temperature 
measurements is used. The last column of the table gives the Reynolds number linked to the HTF. 
 

Table 2. Overview of performed experiments. 

experiment �̇� [𝒌𝒈/𝒉] ∆𝑻𝟎 [°𝑪] ∆𝑻𝒊𝒏𝒊𝒕 [°𝑪] 𝑹𝒆 [−] 

M1 68 26.5 8.0 4762 

M2 80 25.6 14.5 5482 

M3 20 22.5 17.0 1300 

M4 156 19.5 10.0 9824 

 

Only melting experiments are performed and no solidification data is taken into consideration in the context of 
this paper. The focus of this work is on melting experiments because during solidification tests, difficulties arise 
when visually observing the front. During solidification, conduction is the dominant heat transfer mode [15]. 
Therefore, the solidification front moves very radially from the inner shell diameter to the outside shell diameter. 
Because of this, it is very difficult to visually determine the moment when the front reaches the outside 
diameter. Similar difficulties were observed by Longeon et al. [12]. Lipnicki et al. [16] observed during their 
experiments that the solidification front almost has a constant radial thickness along the length of the heat 
exchanger, explaining the difficulties concerning determining the vertical front position at the outside of a PCM 
tube. 

3. Results 

3.1 Experimental results 

As explained before, during each melting experiment, the location of the phase change front at the outer 
diameter of the heat exchanger is tracked over time. The position of the phase change front is normalized to 
the total height of the PCM (𝐿𝑃𝐶𝑀 = 0.93𝑚), as in Equation 5.  𝐿𝑃𝐶𝑀 is a bit smaller than 1m, as the tube is not 
completely filled with storage material to allow volume expansion during melting. 

 
𝜉 =

𝑥

𝐿𝑃𝐶𝑀
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In Figure 6, the evolution of the position of the phase change front at the outer diameter of the PCM tube can 
be seen as a function of time, during melting experiment M1. The different melting regimes, as also observed 
in previous studies, can be recognised in the shape of the front-curve. In the initial phase, conduction is the 



 

 
main heat transfer mode and the PCM closest to the tube will melt. As melting continues, heat transfer by 
convection will gain dominance and will fasten the heat transfer in the PCM. This can be seen by the steeper 
slope of the front-curve, meaning an increasing melting rate of the PCM when a significant part of the PCM 
has molten. Next, the heat transfer reaches a quasi-steady state regime with a constant heat transfer rate. The 
phase change front now moves linearly through the tube. Finally, when most of the PCM has molten, the 
shrinking solid phase starts while the heat transfer, and thus the speed with which the phase change front 
moves, decreases. These different melting regimes lead to the S-shape that can be recognised in the front-
curve in Figure 6. 

 
Figure 6. The evolution of the position of the phase change front at the outer radius of the PCM tube, as a function of 

time (melting test M1), based on the visual tracking of the phase change front position. 

As mentioned above, a quasi steady-state melting regime is present during the melting process. During this 
phase, the melting front at the outside of the PCM tube moves linearly over time. The slope of this part of the 
front-curve is denoted by 𝛽 for the remainder of this paper. 𝛽 is only based on experimental data where 𝜉 
ranges from 0.25 to 0.65. In Figure 7 the visual, experimental data for all melting experiments is shown, and 
the linear approximation of the front movement during the quasi-steady melting regime is shown by the dotted 
black line. The linear approximation is of the shape as given in Equation 6. Some of the visual measurement 
points are omitted in Figure 7, to clarify the figure. The shape of the front-curve is however still obviously visible. 

 𝑡(𝜉) = 𝛼 + 𝛽 .  𝜉 6 

When comparing the different experimental results in Figure 7, the influence of the operational conditions can 
be seen. Especially increasing the temperature difference between HTF inlet temperature and the phase 
change temperature of the PCM, decreases the total melting time. These observations are in line with literature 
[17-20]. In literature is also seen that increasing the mass flow rate of the HTF, shortens the total melting time. 
However, when comparing experiments M1 and M2, a small increase in melting time is seen for the larger 
mass flow rate. Khan et al. [21] observed that for higher HTF inlet temperatures, the influence of varying the 
mass flow rate decreases. The shortened melting time for a larger mass flow rate can probably be explained 
by experimental uncertainties. The studies found in literature agreed with the observation that the heat transfer 
characteristics are more sensitive to a change in inlet temperature than a change in mass flow rate [22]. 

 



 

 

 
Figure 7. Experimental front data with fitted linear correlations based on 𝛽 and 𝜎 for melting experiments (a) M1, (b) M2, 

(c) M3 and (d) M4. 

3.2 Analytical correlations 

As explained in Section 1, various studies propose that the phase change front moves linearly in time during 
melting experiments. In this Section, the analytical obtained intercept 𝑡0  (Equation 3) is compared to the 

experimental 𝛼, and the analytical obtained slope 𝜎 (Equation 2) is compared to the experimental slope 𝛽, 
seen during the quasi-steady melting phase. Table 3 gives an overview of both intercepts and slopes for the 
considered operational conditions of the melting experiments of Table 2. The comparison between 
experimental and analytical results is visualized in Figure 7 where the black and red lines respectively 
represent the experimental and the analytical linear fit. 

Table 3. Comparison of experimental and analytical slope. 

experiment 𝜶 [𝒉] 𝒕𝟎[𝒉] 𝜷 [h] 𝝈 [h] 

M1 1.560 2.97 0.760 0.05 

M2 1.831 3.06 0.669 0.05 

M3 2.689 3.76 1.015 0.23 

M4 2.299 3.98 1.157 0.03 

 

From Table 3 and Figure 4 it is clear that the proposed analytical correlations are not able to accurately predict 
the movement of the phase change front as a function of time of a tube in tube heat exchanger. The prediction 
for the total melting time is a quite an acceptable prediction. However, more experimental data is required to 
make any conclusions on this statement. Below some considerations are listed, explaining the deviations 
between experimental and analytical results. 

First of all, measurement uncertainties on the measured experimental quantities must be taken into account. 
To calculate 𝑡0 and 𝜎 the mean HTF inlet temperature and mean HTF mass flow rate are used. During the 
complete melting test, small deviations on these mean values are possible, however, these will not have a 
significant influence on the obtained results. The error on the visual measurements is difficult to determine but 
is limited to 2-3 mm. As the front position is measured every 3 minutes, this visual error will not influence the 
general trend of the front. 



 

 
Thermal losses during the experiments could also influence the phase change front propagation. Due to the 
undertaken actions by installing the insulation box around the PCM heat exchanger, heat losses are limited as 
much as possible. Heat losses will decrease the melting rate and consequently, a faster front movement could 
be expected using the theoretical correlations, compared to the experimental data. However, it is improbable 
that the influence of the limited heat losses could be of the proportion that is seen when comparing 𝛽 and 𝜎. 

Furthermore, in the derivation of the analytical correlations, only the latent heat of the PCM is considered. The 
sensible heat of the PCM also needs to be taken into account, as well as the heat transferred from the HTF to 
the container during the experiments. However, the latent heat is dominant as it is significantly larger than the 
other contributors to the internal energy of the system. For example for experiment M1, the latent heat of the 
PCM corresponds with 380 kJ, whereas the sum of the sensible PCM energy and the energy stored in the 
container is about 80 kJ. Including all the energy contributions would thus only have a limited influence on the 
value of 𝜎. 

The above-mentioned considerations concerning uncertainties in the experimental results or assumptions in 
determining the analytical correlations can explain a deviation between experimental and analytical results. 
However, the observed discrepancies cannot be explained. Therefore, a more fundamental look is taken into 
the analytical model, and the applicability of the model to the considered melting experiments is evaluated. 

In the analytical derivation, pure conduction is assumed and the influence of natural convection is neglected, 
but during melting, natural convection is the dominant heat transfer mode [15]. It can thus be expected that 
the analytical solution will overestimate the duration of the melting process, due to the increased heat transfer 
during melting because of the influence of natural convection. However, the analytical prediction is a large 
underestimation of the experimental melting duration. A large deviation is seen between the theoretical and 
experimental obtained intercepts and slopes. From Table 3 and Figure 7, it is clear that the analytical slope 
𝜎 is a large underestimation of the experimentally obtained 𝛽. It is predicted that the phase change front moves 
faster over the length of the tube, than what is visually observed. 

The analytical model is based upon the assumption that the tube in tube heat exchanger can be modelled as 
distinct infinitesimal slices, stacked upon each other. The heat transfer behavior of the slices is assumed 
uncoupled. In reality, the phenomena in the different slices will be coupled, especially during melting due to 
vertical convection bubbles formed in the PCM. The experimental intercept 𝛼 is expected to be smaller than 
the predicted 𝑡0 based on purely, uncoupled conduction, due to the enhanced heat transfer because of the 
natural convection. This is as observed in Table 3 and Figure 7. 

The analytical solution is obtained for a tube in tube heat exchanger with a temperature difference between 
the inlet and outlet of the heat transfer fluid. In the experiments, however, this temperature difference is rather 
limited. For example, for mass flow rates above ±50𝑘𝑔/ℎ the temperature difference over the heat transfer is 
not measurable anymore. To validate the analytical solution, meaningful experimental data is required. To 
achieve this, the temperature over the heat transfer tube must be increased, by increasing the heat transfer 
rate between HTF and PCM. This can be done by for example adding fins to the HTF tube. However, preferably 
the analytical method is verified on a basic geometry. Another option to increase the heat transfer rate would 
be adding metal foam into the PCM to increase the effective conductivity of the storage material. Another 
approach could be to test a heat exchanger with an increased length. However, the height of the setup is 
limited due to practical limitations of the lab. In future studies, numerical simulations can be performed, 
eliminating the height limitations of the heat exchanger. Available experimental results can be used to fit the 
numerical method. 

When analyzing the above-discussed results, the hypothesis arises that the analytical model can have better 
applicability for solidification experiments. During solidification, conduction is the dominant heat transfer mode, 
eliminating the deviation between experiments and model due to the influence of natural convection. 
Furthermore, when tracking the solidification front as a function of time, difficulties arise in determining the 
exact front position, because the phase change interface moves almost radially from the HTF wall to the outer 
PCM tube wall. The analytical model predicts such a front behavior: the predicted front moves in a couple of 
minutes over the complete length of the heat exchanger. In future work, solutions can be developed enabling 
tracking of the solidification front during experiments, or numerical simulations can be performed to validate 
this hypothesis. 

4. Conclusions 
Melting experiments are performed on a tube in tube LTES heat exchanger, with varying operational 
conditions. During these experiments, the location of the phase change front at the outer diameter of the PCM 
tube is tracked over time based on photographs. The distinct melting regimes described in literature can be 
seen in the obtained front movement-curve. The experimental results are compared to a predicted phase 
change front behavior, based on an analytical model developed by Beyne et al. [10]. It is seen that the 
analytical model overestimates the movement speed of the phase change front. However, a realistic estimation 
of the total melting time can be obtained with this model. In future work, numerical simulations are 



 

 
recommended. Furthermore, tracking the phase change front during solidification experiments is required to 
validate the applicability of the analytical model for solidification.  

Acknowledgment 
The authors would like to express their gratitude and appreciation to the technical staff of Ghent University, 
especially Frederik Martens, Bart Van Daele, and Thomas Blancke for building and maintaining the setup used 
to obtain the discussed experimental data. 

Nomenclature 
𝑐𝑝  specific heat capacity, J/kgK 

ℎ  convection coefficient, W/m²K 

ℎ𝑙𝑎𝑡 latent heat of the PCM, J/kg 

𝑘  thermal conductivity, W/mK 

𝐿  length, m 

𝑚  mass, kg 

�̇�  mass flow rate of HTF, kg/h 

𝑟  outer radius of HTF tube, m 

𝑅  inner radius of PCM tube, m 

𝑅𝑒  Reynolds number, - 

𝑠  radial distance the phase change front has traveled, m 

𝑡  time, h 

𝑡0  time the phase change front needs to reach the outer diameter of the PCM tube for the first time, h 

𝑈𝑎  latent heat of phase change of the PCM, per length unit, J/m 

𝑥    front position, m 

Greek symbols 
𝛼  experimental intercept, h 

𝛽  experimental slope, h 

Δ𝑇0 difference between HTF inlet temperature and PCM phase change temperature, °C 

Δ𝑇𝑖𝑛𝑖𝑡 difference between mean initial PCM temperature and PCM phase change temperature, °C 

𝜎  analytical slope, h 

𝜉  dimensionless front position, - 

Subscripts and superscripts 
PCM phase change material 

HTF heat transfer fluid 
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Abstract: 

Policies reasoned by global climate change and increasing commodity prices due to the international energy 
crisis force district heating providers to transform their assets. Pit thermal energy storage combined with solar 
energy can improve this transformation process. Optimal energy planning of district heating systems is often 
achieved by applying a linear programming model due to its fast computing. Unfortunately, depicting those 
systems in linear programming requires complexity reduction. We introduce a method capable of designing 
and operating the system with the complexity increase of considering the top and bottom temperatures of the 
pit thermal energy storage in linear programming.  
Firstly, we extract and clean data from existing sites and simulations of seasonal storages. Secondly, we 
develop a polynomial regression model based on the extracted data to predict the top and bottom 
temperatures. Lastly, we develop a mixed-integer linear programming model using the predictions and 
compare it to existing sites. The model uses solar thermal energy, a pit thermal energy storage, and other 
units to meet the demand of a district heating system. 
The polynomial regression results show an accuracy of up to 92 % with only a few features to base the 
prediction. The optimization model can design the storage and depict the correlation between decreasing 
specific costs and thermal losses due to an increasing volume. The control strategy of the heat pump requires 
further improvement. 

Keywords: 

MILP; Seasonal Storage; Optimization; District Heating; Design. 

1. Introduction 
The energy transition to a carbon-free system is one of the key challenges in the 21st century. Therefore, 
district heating systems (DHS) need renewable options and flexibility to reduce the impact of global warming. 
[1] predicts an expansion of DHS and emphasizes the importance of seasonal storages. Seasonal storages 
could enhance the integration of renewables like solar thermal energy and increase the system’s flexibility. [2] 
identifies pit thermal energy storages (PTES) as economically feasible compared to other technologies. 
Combining different renewable technologies and seasonal storages supplying a DHS and the connected 
consumers is a tested concept in Denmark [3]. However, the planning process of a DHS with different 
technologies and different locations can be complex and overwhelming. In order to support decision-making 
processes for planers, we analyze historical and simulation data from seasonal storages. We develop a 
method to design a DHS with a PTES and other technologies inside a discretized thermal grid.  

Figure 1 illustrates the concept of storing solar thermal energy in a PTES and unloading it through a heat pump 
into a district heating network. The goal is to design and operate energy converters and storages connected 
to the grid by modeling pipes, consumers, and production units. This approach tries to model a district heating 
network with all components and allows the integration of PTES in this system. The main research question is 
how a PTES integration into a DHS with different components can be optimized. 

 



1.1. State-of-the-art 

In recent years, several different strategies to model PTES and DHS, design and operate them, have been 
introduced (see Table 1). Most studies focus on a detailed depiction of the storage to calculate the operation 
and thermal losses due to charging, discharging, and environmental temperatures. A more in-depth review of 
those studies is given in the following paragraphs. 

Appropriate simulation tools are helpful for the project’s economic viability. TRNSYS is found to be the most 
widely used simulation tool for PTES simulations due to its component sets. [2] used TRNSYS to optimize the 
efficiency by using the data from a pilot solar heating system combining PTES. Results show that control 
strategies significantly improve heat collection performance and exergy efficiency, and stratification of 
seasonal storage impacts collection efficiency, especially at the end of the non-heating season [4]. EnergyPlus 
has some advantages in modeling heating systems on the demand side to satisfy various loads and is focused 
on building simulations [5]. FLUENT and COSMOL specialize in the PTES device temperature and velocity 
field analysis rather than system integration. SDH calculation tools is a bundle of tools developed by EU project 
SDHp2m [6]. It specializes in calculating solar district heating systems [7].  

 

Figure 1: Fictional grid for this research with: a) PTES, solar thermal field, and heat pump as central units, b) 
buffer storage, and c) biomass boiler as a decentral unit; d) is referred to as a production unit; e) is 
referred to as consumer. 

[8] considers using a biomass trigeneration system and an absorption heat pump to supplement the 
temperature gap and stabilize the water temperature in PTES at 85 to 90 °C. The model considers the overall 
efficiency of a power plant and maximizes the net present value to meet the district heating demand [8]. [9] 
uses TRNSYS to model the combined heating supply system to determine the performance of each plant and 
the ideal size. [10] studies the Dronninglund water pit thermal energy storage focusing on the balance model 
of energy and mass flow and providing the charging and discharging data for further research. In winter, the 
district heating supply temperature in Dronninglund is 75 °C; when the top temperature of the PTES is below 
the supply temperature, the heat pump works as a compensator. In Marstal, when the PTES top temperature 
drops below 70 °C, the PTES serves as the heat source for the heat pump to provide the gap between the 
district heating water temperature and the storage unit [11]. We apply the concept of Marstal using the PTES 
as a heat source for the heat pump.  

The space for the PTES and solar panels affects the economics of the system. [12] compares the parameters 
of PV panels with thermal solar collectors. Using TRNSYS, three locations across Poland are examined, and 
the results show solar thermal collectors’ advantages in area occupation and economics [12]. [12] uses an 

(a) 

(b) 

(c) 

(d) 

(e) 



electrode boiler to feed into the PTES. [13] calculates an energy system with additional units and suggests a 
ratio of the seasonal storage volume to the solar field area of 2 to 3 m. [14] compares distributed and 
centralized thermal solar collectors in Finland with 1231 MWh yearly heating demand and concludes that the 
centralized units have a significant advantage in the heat generation costs. The lower costs for central units 
are caused by decreasing specific investments with increasing dimensions [2].  

Table 1. Typical energy system model comparison [15] 

Energy system 
model  

Min. Time 
step  

Space range  Related function  Ref.  

TRNSYS Seconds PTES/System • Economic analysis [9] 

• Control strategy [16] 

• Validation [17] 

• Efficiency [18] 

• PTES structure optimization [19] 

• Model development [17] 

[20] 

COMSOL Not available PTES • Validation [21] 

• PTES structure optimization [22] 

• Stratification model [21]  

[23] 

FLUENT Not available PTES • PTES structure optimization [24] 

• Stratification model [25]  

[26] 

Mathematical 
model 

 PTES/System • PTES structure optimization [27] 

• Validation [28] 

• Scenario analysis [28] 

• Stratification model [27]  

 

SDH calculation 
tools 

Hourly System • Combined five mixed system 

• Economic analysis 

• Scenario analysis  

• Efficiency (sizing) 

[7] 

PyLESA Hourly System • Economic analysis [29]   

• Control strategy [29]  

• Temperature dependence for heat 
pump models [29] 

• Stratification model [29]  

[29] 

 

The mentioned research gives and models the storage geometry and volume inside the simulation. We set the 
geometry as a variable and contribute to this extensive research with an approach in mixed-integer linear 
programming (MILP), including 

▪ dynamic network behavior by depicting temperatures inside the grid, 

▪ designing and controlling PTES in combination with other energy converters and storages located at 
different positions in the grid, 

▪ introducing realistic PTES temperatures from simulations and measured data to obtain more realistic, 
dynamic coefficients of performance (COPs) (see Marstal concept), 

▪ modeling and calculating the geometry of the PTES inside the optimization to account for thermal losses, 
space requirements, and specific investments. 

The major problem of designing seasonal storage systems in energy system models based on MILP is the 
temperature modeling inside the storage – which would introduce nonlinearity – and the lack of information 
concerning the geometry. Our approach is based on the fact that already-designed systems have been 
operated for several years. [30] gathers data concerning the ratio between volume and surface, while the 
storages in Marstal and Dronninglund provide operational data. This information provides a generic approach 
supporting planners in the design phase of a carbon-neutral DHS.  

The paper is structured in the method section, result section, discussion, and conclusion. In the method, we 
explain how we utilize the data from existing sites to model temperatures of PTES supplied by solar thermal 
energy. Additionally, we explain how we model the geometry of the PTES leading to specific investments, 
thermal losses, and space requirements. In the result section, we validate our approach by simulating the 
temperatures in the PTES and comparing the geometry and other parameters to existing sites. We continue 
by discussing our results and conclude with the most important findings. 

  



2. Method 
To find the optimal design for our energy system, we utilize MILP. MILP is a mathematical optimization 
technique for solving problems where some variables are constrained to be integers. It is used to model real-
world problems where decisions are made based on discrete choices [31]. Our approach uses historical data 
from existing, and simulated PTES projects supplied by solar thermal fields and predicts temperature profiles 
for the location where the energy system model is applied. Figure 2 gives an overview of the methodology. We 
train a regression model based on the extracted data to predict the top and bottom temperature. With that 
temperature information, the MILP model optimizes the heat pump operation, and we also obtain the 
temperature losses at the surfaces. To create a dynamic PTES surface model, we used existing sites to build 
a piecewise function in the MILP model that takes the variable volume as an input and delivers the areas of 
the bottom, top, and sides as an output. The specific investments are modeled analogously. The MILP model 
includes energy balances around pipes, consumers, energy converters, and storages. The mass flow inside 
the pipes is estimated a priori, preventing nonlinearity. 

 

Figure 2: Illustrating the method dividing into the prediction of the temperatures, the piecewise functions for 
the capex and the surface areas of the storage depending on the volume, and the MILP model for the 
DHS. 

2.1. Regression Model predicting PTES Top and Bottom Temperature 

For our approach, we assume that the temperatures in the PTES behave similarly independent of the system 
due to the seasonal storing of solar thermal energy. To examine this assumption, four datasets were used in 
this research to predict the internal temperature of the PTES. We use the existing sites in Marstal and 
Dronninglund [3] and the simulation data from Wadelheim [32] and Florence [33]. The temperatures are 
extracted using the tool WebPlotDigitizer [34].  

Many features can affect the temperature in the PTES. First of all, the environmental factors should be 
considered. The database of photovoltaic geographical information [35] provides the ambient temperature – 
two meters above the surface – and irradiance. [30] analyzes the slope and azimuth of solar thermal collectors’ 
installation. Based on this work, the slope is set at 35 degrees, and the azimuth is chosen at 180 degrees. The 
soil temperature is relatively constant according to the monitoring results in [3]. So, the effect of the deep soil 
temperature on the tank’s bottom temperature is neglected in our model. Additionally, the geometry – volume 
and surface area – of the PTES could affect the top temperature. However, this effect cannot be considered 
because the volume is a decision variable in the MILP model; therefore, the storage’s geometry is unknown 
when we apply the regression model (see Figure 2). In conclusion, we use the features time, solar irradiance, 
and ambient temperature at the given location. 

Before applying a polynimal regression [36], we resturcture the data input to improve the accuarcy. The feature 

time is separated into hour 𝑡hour  ∈ [1,…,24] and day 𝑡day  ∈ [1,…,365]. The time is then split into sine and 

cosine such as sin/cos (2𝜋
𝑡hour

24
)  and sin/cos (2𝜋

𝑡day

365
) . The time is now categorized into four features. 



Afterward, we apply the StandardScaler from scikit-learn [37] to all features. Then we use three data sets to 
train the model and one to test it. To evaluate the performance of the regression, mean squared error, root 
mean squared error (RMSE), mean average error (MAE), R-squared, explained variation, and accuracy are 
set as measurements. 

2.2. The Energy System Model 

A description of all used nomenclature can be found in the Nomenclature section after the conclusion. The 
energy system model is a MILP model minimizing the costs of the system represented by an objective function 

min(𝑓opex,var, 𝑔opex,fix , ℎcapex).        (1) 

𝑓opex,var  is the variable operational cost for energy converters combining costs for energy carriers, 

maintenance, and repair. 𝑔opex,fix  are the fixed costs for storages or energy converters for the operation, 
maintenance, and repair, and ℎcapex are the investments. The economic calculation is based on [38]. The 
calculation is performed for one year in 3-hour timesteps. The model was solved with Gurobi [39]. 

The mass flow in the network is calculated a priori per day based on a fixed temperature delta of 30 K, meeting 
the demand of the highest peak in the grid of that day. Additionally, the velocity in the pipes is limited by a 
minimum pressure loss of 80 Pa/m and a maximum pressure loss of 300 Pa/m [40]. The energy balance for 
the pipes is formulated as  

𝑐p𝑚𝑎

𝑇𝑎,𝑡−1
out −𝑇𝑎,𝑡

out

∆𝑡
+ �̇�𝑎,𝑡𝑐p(𝑇𝑎,𝑡

in − 𝑇𝑎,𝑡
out) − 𝑈𝑎𝐴𝑎

m(𝑇𝑎,𝑡
out − 𝑇𝑡

soil) = 0  𝑓𝑜𝑟 𝑎 ∈ 𝑍ff, 𝑍bf, 𝑡 ∈ 𝜏,   (2) 

where the first term represents the storage capacity of the pipe, the second term is the enthalpy rate entering 
and exing the pipe, and the last term is the loss of the pipe. The energy balance of the consumers is given by 

�̇�𝑎,𝑡
con

𝜇con = �̇�𝑎,𝑡𝑐p(𝑇𝑎,𝑡
in − 𝑇𝑎,𝑡

out)    𝑓𝑜𝑟 𝑡 ∈ 𝜏, 𝑎 ∈ 𝑍con,        (3) 

and the energy balance of the production units is formulated analogously with 

�̇�𝑎,𝑡
pro

𝜇𝑎
pro

= �̇�𝑎,𝑡𝑐p(𝑇𝑎,𝑡
out − 𝑇𝑎,𝑡

in )    𝑓𝑜𝑟 𝑡 ∈ 𝜏, 𝑎 ∈ 𝑍pro.        (4) 

The temperatures in the grid are limited by the consumers, with 𝑇𝑎∈𝑍con,𝑡
in ≥ 𝑇𝑎∈𝑍con,𝑡

min  and a technical limitation 

between 0 °C and 130 °C. 

The heat flow at a production unit is the summation of all heat flows by storages and energy converters at that 

location 𝑎. Therefore, �̇�𝑎,𝑡
pro

 is given by 

�̇�𝑎,𝑡
pro

= ∑ �̇�𝑘,𝑡
conv 

𝑘∈𝑍conv(𝑎) +  ∑ (�̇�𝑘,𝑡
out,stor − �̇�𝑘,𝑡

in,stor)𝑘∈𝑍stor(𝑎)     𝑓𝑜𝑟 𝑡 ∈ 𝜏, 𝑎 ∈ 𝑍pro,    (5) 

𝑍conv/stor(𝑎) is the set of energy converters and storages at that location. The solar thermal field is modeled 
with 

�̇�𝑘=solar,𝑡
conv = 𝜇𝑘=solar𝛾𝑡

rad𝐴collector    𝑓𝑜𝑟 𝑡 ∈ 𝜏,        (6) 

where 𝐴collector is the variable dimensioned by the optimizer to calculate the area of the collectors. 𝜇𝑘=solar is 
the efficiency of the solar field here assumed to be 0.5 [41]. The solar field charges the PTES, and a heat 
pump lifts the temperature of the PTES, if necessary, before injecting the heat into the grid. The energy balance 
of the PTES can be described as 

𝐸𝑘=PTES,𝑡 = 𝐸𝑘=PTES,𝑡 + ∆𝑡 (𝜇𝑘=PTES�̇�𝑘=PTES,𝑡
in −

�̇�𝑘=PTES,𝑡
out

𝜇𝑘=PTES
− �̇�𝑘=PTES,𝑡

loss )    𝑓𝑜𝑟 𝑡 ∈ 𝜏.    (7) 

The energy balances for the buffer storages are modeled analogously. The PTES has a cyclic condition 
where 𝐸𝑘=PTES,𝑡=start = 𝐸𝑘=PTES,𝑡=finish. The PTES energy is limited by 

𝐸𝑘=PTES,𝑡 ≤ 𝑉𝑘=PTES𝜌𝑐p(𝑇𝑘=PTES
top,max

− 𝑇𝑘=PTES
top,min)      𝑓𝑜𝑟 𝑡 ∈ 𝜏.       (8) 

The heat flow when discharging the storage can only be directly injected into the grid if the supply 
temperature is lower than the temperature of the PTES at the top. This is given by 

�̇�𝑘=PTES,𝑡
out,stor = {

�̇�𝑘=PTES,𝑡
out,stor , 𝑇𝑘=PTES,t

top
≥ 𝑇𝑡

supply

𝐶𝑂𝑃𝑡

𝐶𝑂𝑃𝑡−1
 �̇�𝑘=PTES,𝑡

out,stor , 𝑇𝑘=PTES,t
top

< 𝑇𝑡
supply}     𝑓𝑜𝑟 𝑡 ∈ 𝜏.      (9) 

The COP is calculated a priori based on the predicted temperature profile of 𝑇𝑘=PTES,t
top

. The heat losses 

�̇�𝑘=PTES,𝑡
loss  correlate with the geometry of the storage and decrease with increasing volume. The heat losses 

�̇�𝑘=PTES,𝑡
loss  are calculated identically to [42]. However, in this study, we do not know the size of the surface yet 

due to the unknown size of the storage. Therefore, we applied a piecewise function [43] calculating the 
sides, top, and bottom area of the PTES depending on the volume. We use existing sites to get grid points 
and summarize them in Table 2. We calculate the areas for each storage based on the geometry of an 
obelisk and assume that the bottom and top areas are quadratic. Furthermore, we assume a standard 
correlation between the top area side length and the bottom area side length of 78 to 48 due to the detailed 
information of Dronninglund from [42]. 



Table 2: PTES information about the geometry and specific investments used for the piecewise functions. [2, 
30, 44] 

Site 
Volume 
[m3] 

Total 
surface 
[m2] 

Angle 
[°] 

Height 
[m] 

Calculated 
bottom 
area [m2] 

Calculated 
top area 
[m2] 

Calculated 
side area 
[m2] 

Specific 
investments 
[€/m3] 

Stuttgart 1050 835 45 5 118.4 312.65 403.95  

Ottrupgård 1500       150 

Eggstein 4500 1924.9 30 9 182.9 482.97 1259.04 113.02 

Sunstore 2 
Marstal 

10000   
 

   
67 

Dronninglund 60000 17076 26 16 2247.49 5934.78 8893.73 38 

Toftlund 70000 19204 27 14.5 2826.33 7463.28 8914.4  

Sunstore 4 
Marstal 

75000 20298 32 
16 

3174.36 8382.31 8741.33 
36 

Gram 122000 28893 20 15 3957.6 10450.53 14484.87 34 

Vojens 210000       24 

3. Results 
The result section divides into examining the results of the regression model to predict the top and bottom 
temperature of a PTES charged by a solar thermal field. Afterward, the MILP model uses this profile to design 
the PTES and other energy converters in a district heating network. The design is evaluated by comparing it 
to the existing sites of Marstal and Dronninglund. Additionally, we simulate the storage heat losses in Marstal 
with our predicted temperatures and compare the error. To evaluate the heat pump control, we perform two 
optimization runs: the first is with the predicted temperature profile, and the second is with averaged 
temperatures – not using the regression model in the pre-processing. We then re-simulate the actual 
temperatures in the storage and calculate the electrical demand for the heat pump in both optimization runs. 
For the re-simulation, we take the energy level 𝐸𝑘=PTES,𝑡 and divide by the volume, the specific heat capacity, 

and the density resulting in the current temperature delta. This temperature delta is added to 𝑇𝑘=PTES
top,min

 and the 

COP of the heat pump is recalculated.  

3.1. Polynimal Regression Results 

Table 3: Polynomial regrssion results for three sites as training and one site as testing. 

Dataset Polynomial Regression 

train test RMSE MAE Accuracy 

Marstal, Dronninglund, Florence Wadelheim 0.6336 0.5687 0.5986 

Marstal, Florence, Wadelheim Dronninglund 0.8395 0.6668 0.2953 

Dronninglund, Florence, Wadelheim Marstal 0.5964 0.4906 0.6443 

Marstal, Dronninglund, Wadelheim Florence 0.2896 0.2337 0.9161 

 

Table 3 shows the results for using three data sets as training and one dataset as testing. The accuracies for 
Wadelheim and Marstal are around 60 % due to the daily fluctuations in the demand. The result for Florence 
is realtively high with an accuracy of 91.6 %. The prediction accuracy for Dronninglund as testing is relatively 
low, at 29.5 %. The deterministic solution of the polynomial regression is given by 

𝑇𝑡
PTES,top

= 4.0255𝑇𝑡
ambient + 2.2715𝛾𝑡

rad + 0.2065 sin (2𝜋
𝑡hour

24
) + 2.7253 ∗ cos (2𝜋

𝑡hour

24
) −

23.6073 ∗ sin (2𝜋
𝑡day

365
) − 9.9604 ∗ cos (2𝜋

𝑡day

365
) + 56.6761,      (10) 

where the temperatures have the unit of °C and the irradiance W/m2. Before Eq. 10 can be used, the 
StandardScaler (see method section) has to be applied to every feature. 



 

Figure 3: Polynomial regression results for Florence showing a) the simulated top temperature and the 
predicted top temperature and b) the deviation between the two temperature profiles. [33] 

Figure 3 shows the simulated top temperature for the PTES in Florence [33] compared to the predicted 
temperature. A high correlation can be examined in Figure 3 a) between the two temperature profiles. 
However, the deviation has a maximum of 18 °C and an average of 5 °C. A deviation of 18 °C in the calculation 
for the COP of a 1 MW heat pump supplying 90 °C would result in an error of around 100 kW for the electrical 
input. This error indicates potential weaknesses in the modeling approach. To evaluate the effects on the 
geometry, we simulated the heat losses of the Marstal storage in 2014 based on the predicted top and bottom 
temperatures. The simulation results in a heat loss of 2391.85 MWh, causing an error of 17.7 % compared to 
the measured data [3]. 

3.2. Results for Designing the Energy System 

The MILP model is applied to a fictional grid (see Figure 1). The design optimization of a central production 
unit results in a 250 kW central biomass boiler, a 12555 m2 solar thermal field, a 26725 m3 PTES, a 62 m3 
buffer storage, and a 958 kW heat pump. Furthermore, a decentral production unit consisting of a 50 kW 
biomass boiler is installed. The heat generation costs are 14.5 ct/kWh. The operation and investments of the 
system are displayed in Figure 4. The costs are based on the year 2020 using the Day-Ahead prices. The 
solar thermal field mainly loads the PTES in the summer. The heat pump also has the opportunity to charge 
the PTES. Due to the heat pump’s partial load limit of 50 %, the biomass boilers cover peak loads. The 
buffer storage serves as a day-to-day flexibility supporting the heat pump operation. However, the heat flows 
of the buffer storage are not included in Figure 4, for clarity and due to the low impact on the energy system. 
The storage is mainly loaded in spring and summer, and the discharging starts mainly in October. In 
October, the temperatures in the storage are high enough to inject into the grid directly; therefore, the other 
units do not operate. 
The temperature in the storage affects the electrical input for the heat pump, influencing the operational 
expenditures (opex). This effect is measured by resimulating the temperatures inside the storage and 
recalculating the COP. Based on the COP, the electrical power for the heat pump is recalculated. We also 
perform an optimization run without the predicted temperature profiles assuming a constant temperature 
inside the PTES. Using the constant temperature inside the PTES leads to a deviation of the electrical input 
for the heat pump of 45 %, while the predicted temperature profiles of the PTES cause an error of 29 %.  
 

(a) 

(b) 



 

Figure 4: b) optimized operation of the energy system model and a) the investments in the energy system 
with the different shares for the energy converters and storages. 

4. Discussion 
The discussion divides into highlighting the benefits and drawbacks of the regression model and comparing 
the results of the energy system model with the existing sites in Marstal and Dronninglund. 

4.1. Discussion of the Polynomial Regression Results 

The difficulty of the regression model is the prediction of temperature profiles without knowing the demand or 
the volume of the PTES. Therefore, the model only has the time, the solar irradiance, and the ambient 
temperature as features. Using three storages as training data and Dronninglund as testing leads to a 
relatively low accuracy due to the considerable fluctuations in the temperature profile of Dronninglund. This 
clearly shows the disadvantages of the model because it cannot depict hourly or daily fluctuations. However, 
the prediction results improve up to 91 % for Florence. This improvement is due to the data being a 
simulation; therefore, no rapid changes are in the gradient. The regression model cannot replace a detailed 
storage simulation but can estimate the seasonal behavior at a given location for a pre-analysis. 

4.1. Discussion of the Energy System Results 

Utilizing the predicted temperature profiles in the energy system model leads to reasonable results, see Table 
4. It should be noted that the energy system model is not applied to the demand structure in Marstal or 
Dronninglund due to the lack of data. Therefore, the results can only be compared relatively. The storage is 
about half the size compared to Marstal and Dronninglund; the same applies to the solar thermal field. The 
storage charging is 4362 MWh, while the storages in Marstal and Dronninglund are charged with 7813 MWh 
and 12760 MWh. The ratio volume to solar field is 2.13 m, while for Marstal and Dronninglund, it is 2.25 and 
1.68 m. [13] suggests a ratio between 2 and 3 m, with 3 being relatively compared to our calculations and the 
existing sites. This comparison shows a correlation between the optimization results and the existing sites. 
Additionally, the results verify the approach of the piecewise functions to calculate the areas of the storage 
based on the volume due to the moderate deviation of 17.7 % compared to the measured data of Marstal in 
2014. 

A significant drawback is the deviation of the electrical input for the heat pump – 29 %. Utilizing the predicted 
temperature profiles increases the accuracy, but a deviation of 29 % is still not accurate. We also tested a 
binary-based model leaving the temperature calculation inside the optimization. We applied this model to the 
same use case and obtained a solution for a timestep of 24 h after 8 h computational time on a windows 
machine with 488 GB and an AMD EPYC 7542 32-Core Processor. Reducing the timestep length to 8 h led to 
computational times over 24 h. Therefore, we conclude that the model is not applicable. Feeding the 
optimization model with fixed temperature profiles already suggests a control strategy for the heat pump and 

(a) 

(b) 



influences the results. The last option would be to assume a constant temperature inside the storage and 
calculate the COP based on a constant value. Based on this study, we suggest using a constant temperature 
inside the storage for the COP calculation and performing a more detailed simulation of the PTES with 
TRYNSYS or other simulation software mentioned in the state-of-the-art. This has the advantage that the 
energy system model already calculates the design of the PTES, and the simulation can focus on the control 
strategy. Assuming a constant temperature inside the PTES for the energy system model would allow loading 
the storage with other technologies. The regression model can only work if a seasonal behavior is present in 
the charging process; however, other technologies like air heat pumps would load the storage based on the 
electricity market.  

Table 4: Comparison of results with the existing sites in Marstal and Dronninglund. [3] 

Parameter Marstal (2015) Dronninglund (2015) Energy System Results (2020) 

Charging, MWh 7813 12760 4362 
Discharging, MWh 5435 11983 3433 
Thermal losses, MWh 2946 1275 853 
Heat capacity, MWh 5430 5500 2086 
T-max, °C 84 89 92 
T-min, °C 20 10 23 
Volume, m3 75000 63000 26725 
Solar gain, kWh/m2/a 395 447 355 
Solar field, m2 33300 37573 12555 
Ratio volume / solar field, m 2.25 1.68 2.13 

5. Limitation of Results 
The method is applied to a fictional grid with six consumers. The grid size does not represent the usual DHS, 
and larger grids would lead to higher computational times. However, the solver needed ca. 1 h, and the model 
is applied in the planning phase; therefore, the computational time can be slightly higher than in a control 
optimizations. Nevertheless, the method must be applied to larger grids to evaluate its performance. 

6. Conclusion 
In this study, a method is developed to design PTES supplied by solar thermal energy inside a DHS. Our 
approach utilizes historical data and identifies strong correlations between the modeling results and the 
existing sites. The results suggest a ratio of ca. 2 m for volume vs. solar field. For 1 GWh capacity of a PTES, 
an area of around 1500 m2 combined with 37500 m2 solar thermal collectors would be needed. Achieving a 
more accurate result, our model can be applied in the planning phase for a grid-based DHS supplying heat 
from and to different locations. The model can depict the decreasing specific investments and thermal losses 
due to an increasing volume. This behavior is achieved by a piecewise function taking the volume as input and 
the investments and geometry of the PTES as output.  

The difficulty within the optimization is the control strategy of the heat pump, depending on the temperature 
inside the storage. We examined three possibilities: 

1. Predicting the temperatures of the storage before the optimization and calculating the COP a priori 

2. Assuming one constant temperature of the storage and calculating the COP a priori 

3. Calculating the temperature and the COP during the optimization 

The first option already induces a control strategy inside the optimization and causes an error of 29 % for the 
electrical input. The second option did not depict any temperature changes inside the storage and caused an 
error of 45 %. The third option was not applicable due to a high computational time. In conclusion, we suggest 
the second option, followed by a detailed simulation. This study showed the computational limits for a 
mathematical optimization in the design stage due to the fact that the dimension – the volume of the PTES – 
and operation – the temperature of the PTES – is a variable. In the future, new methods could be developed 
depicting volume and temperature as a variable and computing results in a practical manner. 

Furthermore, it would be interesting to investigate different technologies supplying a PTES and compare it to 
solar thermal energy due to its high investments. For Power-to-Heat technologies, the investigation should 
optimize at the Day-Ahead market to react to price fluctuations. In addition, large grids should be examined 
due to the large space requirements for PTES charged by solar thermal energy. 
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Nomenclature 
Letter symbols 

𝐴 area, m2 

cp specific heat capacity, kJ/(kg K) 

𝐶𝑂𝑃 coefficient of performance for heat pumps 

DHS district heating system 

𝐸 energy, kJ 

𝑓opex,var variable opex of the components in the energy system, € 

𝑔opex,fix fixed opex of the components in the energy system, € 

ℎcapex capex of the components in the energy system, € 

𝑚 mass, kg 

�̇� mass flow, kg/s 

MAE mean average error 

MILP mixed-integer linear programming 

PTES pit thermal energy storage 

�̇� heat flow, kW 

RMSE root mean squared error 

𝑡 time 

∆𝑡 timestep length of the optimization, s 

𝑇 temperature, K 

𝑈 heat transfer coefficient, kW/(m2 K) 

𝑍 set of arcs – pipes, consumers, producers 

Greek symbols 

𝜏 set of timesteps 

𝛾 solar irradiance, kW/m2 

μ efficiency 

Subscripts and superscripts 

𝑎 pipe 

capex capital expenditures 

collector solar collectors 

con consumer 

conv energy converter 

ff forward-flow 

bf backward-flow 

in entering a component 

𝑘 energy converter or storage 

m shell 

min minimum 

loss losses 

opex, var variable operational expenditures 

opex, fix fixed operational expenditures 

out leaving a component 

pro producer 

rad irradiance 

soil soil/ground 

stor storage 

supply for the supply / to the consumer 

𝑡 timestep 

top at the top level 
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Abstract:
Energy systems require flexibility to help with the penetration of variable renewable energy. A promising solu-
tion for flexibility provision is demand-side management (DSM) from industry. However, the extent of flexibility
from industrial DSM depends on the characteristics of industrial processes. In this work, we investigate the
potential of industrial DSM as a flexibility provider to a net-zero sector-coupled energy system. Specifically, we
investigate the cost reductions and the change in deployment of other flexibility options due to industrial DSM.
We examine three system configurations for the Swiss sector-coupled energy system, varying the attractive-
ness of alternative flexibility options. To consider the characteristics of industrial processes, we parameterize
the study with three representative industrial process characteristics: load-shifting potential, storage capacity,
and losses. Our results show that the value of flexibility from industrial DSM highly depends not only on the
process characteristics, but also on the system’s flexibility alternatives, particularly for flexibility over longer
time horizons. Due to differences in flexibility alternatives, the maximum cost reductions from industrial DSM
vary between 2% and 27%. Additionally, we find that the effects of the three investigated characteristics on
cost reductions also depend on the interactions with the alternative flexibility options. Depending on the in-
teractions, cost reductions may stagnate as flexibility from industrial DSM is enhanced. Our study shows that
while industrial DSM can serve as a flexibility provider to a net-zero sector-coupled energy system, the value
of industrial DSM highly depends on both the characteristics of industrial processes and the system’s alterna-
tive flexibility options. Both aspects must be considered when evaluating the extent of flexibility from industrial
DSM.
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1. Introduction
Countries are increasingly setting net-zero emissions targets to address climate change [1]. To meet these
targets, fossil fuels must be replaced by renewable energy sources in all energy-consuming sectors [2],
and direct air carbon capture and storage (DACCS) must be implemented to abate residual emissions. As
energy-consuming sectors transition away from fossil fuels, electrification becomes increasingly important as
the medium for integrating renewables into other sectors. For example, the heating sector can be electrified by
heat pumps and the mobility sector can be electrified by battery electric vehicles [3]. The resulting reliance of
all energy sectors on the electricity sector leads to sector-coupling, where the electricity sector becomes the
central pillar for the overall energy system. However, most renewable energy is intermittent, such that flexibility
is needed for systems with a high share of variable renewable energy. Flexibility refers to an energy system’s
ability to cope with the variability and unpredictability that variable renewable energy introduces in different time
scales, while reliably supplying all the demanded energy to end users [4]. Shaner et al. [5] show that the need
for flexibility increases rapidly after 80% variable renewable energy share.

Flexibility can be provided from the supply side through storage, imports, and fossil-based electricity with
carbon capture and storage (CCS). However, each of these options has limitations: storage technologies,
such as batteries, are expensive and not suitable for long duration energy storage due to their self-discharge
characteristic. [6–8]. Power-to-hydrogen is a storage technology that is stable over long time horizons, but
has a low round-trip efficiency [8, 9]. Pumped hydro storage, while efficient, is subject to high capital costs,
topographic limitations, and environmental concerns regarding surrounding areas [10]. Electricity imports
are subject to availability abroad. Fossil fuel imports are also subject to availability abroad. Additionally,
the required CCS is not widely accepted and can thus be difficult to scale due to both social and physical
constraints [11].

Due to the limitations of supply-side flexibility, demand-side management (DSM) serves as a promising alter-
native. Demand-side management refers to the shifting of energy consumption patters to obtain a desired

1



energy consumption profile [12]. A good candidate for demand-side management is the industry sector due to
its large energy demand, its potential for storing products over long time horizons, its already-existing metering
infrastructure, and the avoidance of consumer behaviour change [13]. An example of industrial demand-side
management is the shifting of production schedules to better-follow the availability of renewable electricity. For
instance, an industrial process can over-produce during the daytime hours to take advantage of low prices
caused by photovoltaic availability, store the overproduction, and under-produce during night-time hours such
that the overall production stays the same. Promising example processes for industrial DSM are aluminum
electrolysis, cement and raw mills, air separation, electric arc furnace and pulp production due to their high
electricity demands and technical possibilities for load shifting [14].

The extent of flexibility from industrial DSM depends on several characteristics of industrial processes:

• Load-shifting potential: The percentage of the base industrial energetic demands that can be shifted
to another time interval in response to volatility.

• Storage capacity: The amount of product that can be stored at a time.

• DSM losses: The losses associated with demand-side management, such as efficiency losses from
off-design operation and product losses from storage.

These three characteristics influence the potential value from industrial DSM for the overall system. Promising
industrial candidates can be identified by identifying promising combinations of these characteristics. Addi-
tionally, some of these characteristics can be influenced via financial incentives, e.g. the installation of larger
storage capacities. Therefore, understanding the characteristics’ effects on industrial DSM can help guide
financial incentives.

Studies have shown how industrial DSM can affect the costs and environmental impacts for individual indus-
trial sites [15–17]. Studies have also considered the contributions of industrial DSM from an overall system
perspective [18,19]. However, these studies have typically focused only on the electricity sector. For instance,
Paulus et al. [18] analyzed the economic benefits of industrial DSM from energy-intensive industries to elec-
tricity markets. Papadaskalopoulos et al. [19] also studied the economic benefits of industrial DSM to the
European power system by varying the load shifting potential. Thus far, to the best of our knowledge, no study
has resolved the potential contributions of industrial DSM to a net-zero sector-coupled energy system.

In this study, we evaluate how varying degrees of industrial DSM affect the costs and the needs for other
flexibility options of a net-zero energy system considering multiple sectors. Varying degrees of industrial DSM
are modelled by varying the industrial process characteristics listed above. We aim to answer the following
research questions:

1. What are the potential cost reductions of a net-zero sector-coupled energy system from industrial DSM?

2. How does industrial DSM interplay with other flexibility options?

To answer these research questions, we model the Swiss sector-coupled energy system using the linear opti-
mization framework SecMOD [20]. We use a snapshot approach, constrain the system to net-zero emissions,
and determine the system’s cost-optimal investments and operation for varying degrees of industrial DSM. We
do not consider costs associated with industrial DSM to determine an upper bound on the potential cost reduc-
tions. We consider three scenarios with varying assumptions regarding natural gas prices and use in power
plants. By considering three scenarios, we can compare the contributions from industrial DSM across systems
with varying flexibility alternatives. Of particular importance are the alternatives for long-duration flexibility, re-
ferring to durations longer than 12 hours. To represent industry, we create a generic, process-agnostic model
comprised of the Swiss industry’s electricity and heat requirements. This approach allows us to vary DSM
characteristics without the need to model specific industries and processes. To model the varying degrees
of industrial DSM, we perform a parameterized study by introducing parameters representative of industrial
process characteristics. Our approach allows us to study the potential of industrial DSM as a flexibility provider
to a net-zero sector-coupled energy system.

In Section 2., we briefly introduce the energy system model and discuss the modeling of industrial DSM in
detail. Section 3., presents the results of the parameterized study. Finally, Section 4., summarizes the most
important points of this study.

2. Modelling industrial DSM in Sector Coupled Energy Systems
As the focus of this study is industrial DSM, we only briefly summarize the Swiss energy system modelling in
Section 2.1.. We describe the modelling of industry and the industrial DSM characteristics in more detail in
Section 2.2.. Section 2.3. introduces the three scenarios.
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2.1. Swiss Sector-coupled Energy system
The Swiss sector-coupled energy system is modelled with the open-source linear optimization framework
SecMOD [20]. We consider the electricity, heat, and private mobility sectors within the energy system and
focus on the year 2050 with an exogenous net-zero operational emissions constraint. Within the heat sector, we
consider civil heating along with industrial heating at three temperature levels. Industry also has en electricity
demand which we consider together with industrial heat demands (Section 2.2.). The optimization framework
determines the cost-optimal investment and operation decisions to reach the net-zero emissions target, while
ensuring that exogenous demands are met. Demands for civil electricity, civil heat, and private mobility are
provided separately, while demands for industrial electricity and heat are provided in an aggregated fashion to
represent Swiss industrial demands. Only operational emissions are considered for the net-zero target. The
technology options included in the model of the sector-coupled energy system are shown in Table 1.

The energy system is modelled as a 1-node system. Hourly time series are provided and aggregated with a
temporal resolution of 25 typical days. To allow for seasonal storage, the typical days are interlinked using the
method developed by Kotzur et al. [21]. Note that Switzerland today has 8.8 TWh of seasonal storage from
hydro reservoirs [22], comprising 14% of the overall electricity demand in 2019 [23].

Table 1: Technology options provided for modelling the Swiss sector-coupled energy system

Electricity Civil heat Transportation
photovoltaics thermal insulation battery electric vehicle
onshore wind electrode boiler

natural gas combined cycle* heat pump
run-of-river natural gas boiler

large dam hydro
geothermal

biogas
Low-temperature heat Medium-temperature heat High-temperature heat

electrode boiler electrode boiler natural gas boiler
heat pump natural gas boiler

Storage technologies Negative emission technologies Power-to-X
Li-ion batteries direct air capture power-to-methane

pumped hydro storage
*CCS lowprice and CCS highprice scenarios

2.2. Implementation of Industrial Demand-side Management
In this section, we explain how industry is modelled within the energy system and how the industrial DSM
characteristics were represented by three parameters. The hourly electricity and heat demands of Swiss
industry are aggregated into a generic industrial process. This aggregated process produces 1 ”good/hour”,
while consuming the hourly industrial energy demands for Switzerland. We use an industrial electricity demand
of 6 TWh [24] and a heat demand of 20 TWh [25] in 2050. The heat demand is split into three temperature
levels (Table 2) according to a report from the Swiss Federal Office of Energy [24]. The demands in Table 2
represent the base industrial energy demands, dbase

energy , from which the benefits of industrial DSM are explored.
Industrial production is assumed constant throughout the year, such that an exogenous demand of 1 good/hour,
or dbase

goods, is introduced. Thus, without industrial DSM, the hourly electricity and heat demands of Swiss industry
must be supplied for every hour of the year. This assumption introduces a basis from which to measure the
benefits from industrial DSM. However, the benefits may be greater or smaller depending on how the actual
industrial energy demand profiles follow renewables availability.

Table 2: Base energy demands of Swiss industry, dbase
energy , for the production of 1 good

hour , or dbase
goods

Input/Output Temperature Range Value (MW)
electricity – 685

low temperature heat < 200◦C 750
medium temperature heat 200◦C − 800◦C 907

high temperature heat > 800◦C 571

The contributions from industrial DSM are evaluated by performing a parameterized study on three parameters
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representative of the industrial process characteristics introduced in Section 1. An industrial goods storage
tank is introduced to serve as a buffer for industrial over and under-production (Figure 1). No investment
or operating costs are associated with storage capacity to evaluate an upper bound on cost reductions from
industrial DSM. The calculated cost reductions can then be compared to the real costs associated with the
necessary storage capacities. The three modelled parameters are described below:

• Load-shifting potential (iflex): The load-shifting potential, referred to as iflex, represents to the fraction
of the base load, dbase

energy , that can be shifted up or down at a given time step, t, similar to [19]. Iflex can
take any value between 0 and 1, as shown in Equation (1).

0 ≤ iflex ≤ 1 (1)

An iflex value of 0 corresponds to no load-shifting potential and an iflex of 1 corresponds to the ability to
shift 100% of the base load at a given time step, ranging from a complete shutdown to the doubling of
base production.

• Storage capacity (tSC): The storage capacity refers to the maximum amount of goods in the industrial
storage tank, and limits the amount of goods can be stored at a time. We parameterize the storage
capacity, SC, with the time interval tSC over which the base demand of 1good/hour , or dbase

goods, can
accumulate (Equation (2)).

SC = tSC · dbase
goods tSC ∈ [12 hours, 6 months] (2)

For example, with a tSC of 1day the storage capacity is constrained to a day’s worth of industrial demand.
We range tSC from 12 hours to 6 months in our parameterized study. Throughout this text, we refer to tSC
as the storage capacity.

• DSM losses (η): DSM losses refer to production lost as a result of industrial DSM. Losses can arise
from off-design operation as well as storage leakage. To study the effect of DSM losses, we introduce
the discharge efficiency, η, that represents the amount of goods that can be withdrawn from the storage
of industrial goods per goods stored. A lower efficiency means that less goods can be withdrawn per
goods stored and therefore more goods need to be produced to meet the overall demand. The discharge
efficiency, η, can take any value from 0 to 1 as shown in Equation (3).

0 ≤ η ≤ 1 (3)

An η value of 0 corresponds to 100% product losses and an η value of 1 corresponding to no product
losses. Note that while η only represents discharge efficiency associated with storage in our mathemati-
cal formulation, the wide η range investigated can be interpreted as also considering additional efficiency
losses.

The relationship between the three parameters (iflex , tSC , and η), the industrial production, and the storage
can be seen schematically in Figure 1 as well as in Equations (4) to (8). Equation (4) constrains the production
used at a given time step, P(t), between the range defined by the iflex parameter.

dbase
goods · (1 − iflex) ≤ P(t) ≤ dbase

goods · (1 + iflex) (4)

Equation (5) prevents the industry storage from acting as a source or sink for industrial products by setting the
initial and final storage levels (SL) equal, similar to [15].

SLt=0 = SLt=T T = 8760h (5)

Equation (6) models the stored product. in(t) refers to the product stored at time t and out(t) refers to the
product withdrawn.

SL(t + 1) = SL(t) + in(t) − out(t)
η

(6)

Equation (7) shows how the demand of industrial goods is met at every time step with a combination of pro-
duction, P(t), and storage.
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dbase
goods = P(t) − in(t) + out(t) (7)

Finally, Equation (8) constrains the storage level with respect to the parameterized storage capacity, tSC .

SL(t) ≤ tSC · dbase
goods (8)

Figure 1: Schematic representation of the relationship between the industrial DSM parameters (iflex , tSC ,
and η), industrial production, and storage of industrial goods. The three parameters are shown in red. iflex
corresponds to load-shedding potential, tSC correspods to the time interval over which the base industrial
demand of 1good/hour , or dbase

goods, can accumulate. η corresponds to the storage discharge efficiency. LT,
MT, and HT correspond to low, medium, and high temperature heat demands for Swiss industry. P(t) is the
production of industrial goods at time t . in(t) and out(t) are the product stored and withdrawn, respectively,
and SL(t) is the storage level.

2.3. Scenarios
Three scenarios represent different assumptions on natural gas prices and on the utilization of natural gas
power plants as a flexibility option. The three scenarios, described below, allow us to compare the contributions
from industrial DSM across systems with varying flexibility alternatives.

CCS lowprice: This scenario includes the cheapest flexibility alternative to industrial DSM by allowing for
electricity production from natural gas power plants with carbon capture and storage (CCS). It assumes a
natural gas import price of 31C/MWh, representative of a stable historical average [26].

CCS highprice: This scenario also allows for electricity production from natural gas power plants with carbon
capture and storage (CCS) while assuming a high natural gas import price of 135 C/MWh, representative of
the average for 2022 [26].

minCCS: This scenario includes the most expensive flexibility alternative to industrial DSM by only allowing for
electricity production from renewable energy sources. This scenario represents an extreme case where both
the use of CCS and fossil fuel imports are minimized. Natural gas can still be imported at a price of 31 C/MWh,
but only for use in natural gas boilers for high and medium temperature heat. In this scenario, batteries become
important as the flexibility alternative to industrial DSM.

3. Results and Discussion
The contributions from industrial DSM depend on both the industrial DSM characteristics, represented by the
three parameters (iflex , tSC , and η), and on the system characteristics, represented by the three scenarios.
The most influential system characteristics are the alternative flexibility options, particularly over time horizons
greater than 12 hours. Our results show that the system cost reductions from industrial DSM range from 1.7%
to 27% due to the differing flexibility alternatives across scenarios. The flexibility alternatives also influence the
relationships between the industrial DSM characteristics and the industrial DSM contributions.

In subsection 3.1. we discuss the effect of the load-shifting potential on the contributions from industrial DSM. In
subsection 3.2., we discuss the effect of storage capacity, and in subsection 3.3. we discuss the effect of DSM
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losses. We place particular emphasis on how the contributions vary depending on the system’s alternative
flexibility options.

Figure 2: Top row: % cost reduction compared to a system with no industrial DSM as a function of load-shifting
potential, iflex, for 100% discharge efficiency (η = 1). Bottom row: % cost reduction compared to a system
with no industrial DSM as a function of discharge efficiency, η, for 100% load-shifting potential (iflex = 1). The
columns correspond to scenarios and the colors correspond to storage capacities, tSC . Arrows point in the
direction of increasing storage capacity. The ranges for % cost reduction vary across scenarios.

3.1. Load-shifting Potential
Load-shifting potential can decrease the overall system costs for all scenarios (Figure 2). However, the mag-
nitude of the maximum cost reduction differs significantly depending on the scenario: for the CCS lowprice
scenario, the maximum cost reduction is 1.7% whereas for the minCCS scenario, the maximum cost reduc-
tion is 27%. This magnitude difference is mainly driven by the attractiveness of industrial DSM as a flexibility
provider over longer time horizons, as shown by the jump in cost reduction for the minCCS scenario between
1 day and 1 week storage capacities (Figure 2, top row, third column).

Additionally, the relationship between cost reduction and load-shifting potential differs across scenarios: the
CCS lowprice and CCS highprice scenarios show a more linear relationship between cost reduction and iflex
whereas the minCCS scenario shows a non-linear relationship (Figure 2, top row). The relationships are driven
by the effect of increasing load-shifting potential on the implementation of the alternative flexibility options as
explained in detail in the subsections below.

3.1.1. CCS lowprice

In the CCS lowprice scenario without industrial DSM, electricity from natural gas is used to balance both the
intraday and the seasonal fluctuations in renewables availability. To help with the seasonal imbalance of PV
availability, which peaks in the summer, direct air capture (DAC) with carbon capture and storage (CCS) is
deployed flexibly, maximizing its CO2 capture in the summer following PV availability (Figure 3, Reference).
Once DAC capacity is installed, it can be deployed flexibly throughout the year while incurring no additional
costs for the flexible operation. DAC capacity thus serves as a seasonal flexibility alternative to industrial DSM.

As load-shifting potential is introduced (assuming η = 1, tSC = 12 hours), the electricity from natural gas needed
to balance the intraday fluctuations reduces substantially due to the shifting of industrial production to daytime
hours. Maximum load-shifting potential (iflex = 1) and a storage capacity of 12 hours (tSC = 12 hours) reduces
both natural gas imports and CO2 stored by 19%. The cost reduction of 1.7% is mainly due to the decrease in
natural gas imports. The imports decrease linearly for increasing load-shifting potential, driving the linear cost
reduction observed in Figure 2.

Increasing storage capacity does not lead to significantly higher cost savings relative to the 1.7% observed
for a 12 hour storage capacity. Increasing storage capacity leads to a flatter operation of DAC throughout
the year (Figure 3, 6 months), decreasing DAC capital expenditures slighty. However, the decrease in capital
expenditures is much smaller than the 1.7% cost reduction associated with intraday natural gas imports and
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therefore increasing storage capacity does not greatly enhance the cost savings from industrial DSM in the
CCS lowprice scenario (Figure 2 top row, first column).

Figure 3: CCS lowprice scenario: daily CO2 captured across storage capacities. The Reference case corre-
sponds to no industrial DSM. The 12 hour and 6 month storage capacity plots assume 100% load-shedding
potential (iflex = 1) and 100% discharge efficiency (η = 1).

3.1.2. CCS highprice

In the CCS highprice scenario without industrial DSM, batteries are used in the winter to balance renewables
fluctuations over several days. Additionally, electricity from natural gas is needed in the winter to supplement
the lower renewables availability (Figure 4, Reference). As load-shifting potential is introduced (assuming
η = 1, tSC = 12 hours), the system no longer needs batteries to balance fluctuations over several days, but
rather only to balance intraday fluctuations. Additionally, less electricity from natural gas is needed in the winter,
reducing natural gas imports by to 25% (Figure 4, 12 hours). The reduction in battery capacity and in natural
gas imports are the main drivers for cost reductions as industrial DSM is introduced. Because of the decreased
need for natural gas combustion for electricity, less direct air capture is needed in the summer, thus freeing up
some renewable electricity to produce methane for industrial heating. This effect further reduces the need for
natural gas imports. As storage capacity increases, the long-duration flexibility offered by industrial DSM further
decreases the amount of natural gas imports needed for electricity production in winter (Figure 4, 6 months).
Thus, the maximum cost reduction for full load-shifting potential results from the long-duration flexibility offered
by industrial DSM, displacing batteries at smaller storage capacities and electricity from natural gas at larger
storage capacities.

Figure 4: CCS highprice scenario: average daily electricity production from natural gas combined cycle
(NGCC) across storage capacities. The Reference case corresponds to no industrial DSM. The 12 hour
and 6 month storage capacity plots assume 100% load-shedding potential (iflex = 1) and 100% discharge
efficiency (η = 1).

3.1.3. minCCS

In the minCCS scenario without industrial DSM, battery storage is needed over several months to balance the
fluctuations in renewables availability (Figure 5, Reference). Investment in Li-Ion battery capacity comprises
41% of the total system costs and is the largest cost contributor. As load-shifting potential is introduced
(assuming η = 1, tSC = 12 hours), the required battery capacity decreases, reducing costs by 4.4%. However,
the reduction in installed battery capacity stagnates at low load-shifting potential (iflex = 0.05) (Figure 2): small
load-shifting potential is sufficient to shave off peak battery capacity. Thus, for smaller storage capacities, a
small amount of load-shifting potential yields most of the benefits from industrial DSM. As storage capacity
increases, the battery capacities decrease significantly due to the long-duration flexibility that industrial DSM
provides: a 6 month storage capacity reduces the battery capacity required for inter-day storage by 59% relative
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to a 12 hour storage capacity (Figure 5, 6 months). The large reduction in battery capacity drives the highest
cost reductions across all three scenarios of 27%. It must be noted that the minCCS scenario represents an
extreme scenario with no imports of electricity or natural gas for electricity production. Thus, the magnitude of
the cost reduction serves as an upper bound on reductions from industrial DSM.

Figure 5: minCCS scenario: average daily battery storage level across storage capacities. The Reference
case corresponds to no industrial DSM. The 12 hour and 6 month storage capacity plots assume 100% load-
shedding potential (iflex = 1) and 100% discharge efficiency (η = 1).

3.2. Storage Capacity
The effect of storage capacity on the contributions from industrial DSM differs for each scenario and depends
on whether industrial DSM provides a beneficial alternative for flexibility over longer time horizons. Storage
capacity exhibits a saturation, above which contributions from industrial DSM stagnate. The saturation capacity
is qualitatively determined based on the results and explained in the subsequent paragraphs.

In the CCS lowprice scenario, storage capacity has little impact on the cost reductions associated with in-
dustrial DSM, as explained in section 3.1.1. The saturation capacity for the CCS lowprice scenario can thus
be observed at 12 hours. In the CCS highprice scenario, natural gas imports exhibit a step decrease at a
storage capacity of 1 month, indicating the displacement by industrial DSM for long-duration flexibility. The
saturation capacity for the CCS highprice scenario can thus be observed at 1 month. In the minCCS scenario,
the installed battery capacity exhibits a step decrease at a storage capacity of 1 week. This phenomenon
explains the jump in % cost reduction between 1 day and 1 week for the minCCS scenario shown in Figure
2. Storage capacities larger than 1 week do not lead to significant additional cost reductions for a system with
100% discharge efficiency. At lower discharge efficiencies, however, the effect of storage capacity can be more
significant, as explained in section 3.3. and shown in Figure 2 (bottom row, third column).

All scenarios exhibit a maximum useful storage capacity determined by the duration, tSC , at which industrial
DSM displaces the long-duration flexibility alternatives. If industrial DSM contributes no long-duration flexibility
benefits relative to the flexibility alternatives, then small storage capacities are sufficient to obtain the maximum
cost reductions from industrial DSM.

3.3. DSM Losses
For all scenarios, efficiencies must be above a certain threshold to obtain benefits from industrial DSM. How-
ever, the threshold efficiency varies depending on the scenario, and can also be affected by the storage capac-
ity. For the sake of comparison, we focus the following discussion on an iflex value of 1 and define a threshold
efficiency as the efficiency at which 20% of the maximum cost reductions are reached (Figure 6, red lines).

In the CCS lowprice and CCS highprice scenarios, the threshold efficiency decreases by approximately 10%
from a 12 hour to a 6 month storage capacity. However the threshold efficiencies differ. The CCS lowprice
scenario exhibits threshold efficiencies between 45% and 55% whereas the CCS highprice scenario exhibits
threshold efficiencies between 30% and 40%. In the worst case across both scenarios, corresponding to the
CCS lowprice scenario with a 12 hour storage capacity, cost reductions up to 20% can still be obtained with
discharge efficiencies below 55%.

In the minCCS scenario, storage capacity has a more significant effect on the threshold efficiency (Figure 2,
bottom row, third column). The threshold efficiency decreases from 37% to 3% from a 12 hour to a 6 month
storage capacity (Figure 6, row 3). In the case of a 6 month storage capacity and low efficiencies around
3%, the system shifts its use of renewable electricity in the summer from synthetic methane production to
additional industrial production. The system overproduces industrial goods throughout the summer, requiring
large storage capacities. As a result of reducing synthetic methane production, more natural gas for heat
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production is imported. However, importing additional natural gas is significantly cheaper than the battery
capacities needed without industrial DSM, and thus large cost reductions are seen even at low efficiencies
when storage capacities enabling seasonal storage are available. For smaller storage capacities, the significant
overproduction during the summer is not possible and thus higher efficiencies are needed to yield comparable
cost reductions to the 6 month storage capacity.

Our results show that industrial DSM can reduce costs even for efficiencies as low as 3%, depending on the
costs of the system’s flexibility alternatives. Therefore, even processes with high storage losses or low part-load
efficiencies could reduce system costs through industrial DSM.

Figure 6: % cost reduction for the net-zero sector-coupled system for different values of iflex and discharge
efficiency, η, vs. the reference case of zero iflex and η. Rows correspond to scenarios (numbers) and columns
correspond to the storage capacity in terms of the storage capacity time interval, tSC , over which the demand
for goods, dbase

goods, is accumulated (lower case letters). Red lines indicate the efficiency corresponding to 20%
of the maximum cost reduction, when considering iflex = 1.

4. Conclusions
In this study, we investigate the potential of industrial DSM as a flexibility provider to a net-zero sector-coupled
energy system. Specifically, we investigate cost reductions and the change in deployment of other flexibility op-
tions due to industrial DSM. We focus on the Swiss sector-coupled energy system comprised of the electricity,
heating, and private transportation sectors. To study the effects of industrial DSM, we carry out a parame-
terized study with three parameters representative of industrial DSM characteristics: load-shifting potential,
storage capacity, and DSM losses. We consider three scenarios ranging from cheapest alternative flexibility to
industrial DSM to most expensive.

We find that industrial DSM reduces costs for all three scenarios. However, the magnitude of the cost reduc-
tion depends on the system’s alternative flexibility options, particularly for flexibility over time horizons longer
than 12 hours. Thus, the value of industrial DSM must be evaluated within the context of the overall energy
system. In a system with inexpensive natural gas imports and the ability to produce electricity from cheap
natural gas with CCS (CCS lowprice scenario), industrial DSM reduces costs by up to 1.7%. In a system with
electricity only from renewable energy sources (minCCS scenario), the maximum cost savings from indus-
trial DSM are 27%. The difference arises because in the CCS lowprice scenario, direct air capture serves as
an inexpensive alternative long-duration flexibility option whereas in the minCCS scenario, batteries serve as
an expensive long-duration flexibility option. Therefore, potential cost reductions from industrial DSM for the
minCCS scenario are much higher.

We also find that while cost reductions from industrial DSM depend on the industrial DSM characteristics, the
influence of the characteristics on cost reductions depends on the interactions with the system’s alternative
flexibility options. For example, increasing load-shifting potential can have either a linear or a non-linear effect
on cost reductions depending on the resulting deployment of the alternative flexibility options. Depending on
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the relationship, small load-shifting potential may be sufficient to yield large cost reductions for the system.
Storage capacity reaches a saturation capacity, above which contributions from industrial DSM stagnate. The
saturation capacity depends on the long-duration flexibility benefits that industrial DSM provides. If indus-
trial DSM provides little to no long-duration flexibility benefits, such as in the CCS lowprice scenario, smaller
storage capacities are sufficient to obtain most cost reductions from industrial DSM. Otherwise, contributions
stagnate beyond the capacity at which industrial DSM displaces the alternative long-duration flexibility options.
Regarding DSM losses, industrial DSM can reduce system costs despite high DSM losses depending on the
costs of the alternative long-duration flexibility options. The minCCS scenario exhibits 20% of the maximum
cost reductions from industrial DSM with only 3% efficiency due to the high costs of Li-ion batteries.

Based on our study, we conclude that while industrial DSM can serve as a flexibility provider to a net-zero
sector-coupled energy system, the magnitude of the contributions highly depends on the flexibility alternatives
for the system. Particularly, industrial DSM is most beneficial when industrial products can be stored sea-
sonally and long-duration flexibility options are missing or expensive. Therefore, both the characteristics of
industrial processes and the system’s characteristics must be considered when evaluating flexibility provision
from industrial DSM.

In this work, we aggregate all Swiss industry energy demands and assume that the energy demands can be
shifted all together. As our results show potential, future research should focus on obtaining a more precise
estimate of the potential flexibility provision from industrial DSM in Switzerland. We suggest differentiating
between industries and introducing industry-specific, time-dependent energy demand profiles. The ranges
of the considered industrial DSM parameters can also be adapted to better-fit the operation of the specific
industries. Additionally, we suggest comparing the resulting system cost reductions from industrial DSM to
the costs that industries would incur to implement DSM measures, such as investments in over-capacities and
storage containers. This comparison would allow for a better estimate of the cost benefits from industrial DSM
to the Swiss energy system.
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Abstract: 

The process industry is facing the green transition from conventional to renewable energy sources. Executing 
it in a cost-effective manner will require increased energy efficiency, electrification, and a clear overall strategy 
from the beginning.  A prerequisite for a strong strategy is an energy mapping that describes the energy use 
within an industrial facility. However, creating such a mapping can be expensive and time-consuming. 
 
The primary goal of the proposed process mapping methodology is to effectively obtain production and energy 
data from industrial plants in a short time. This can be analyzed to provide a generic, holistic, and flexible 
model. The model is a step towards creating a software tool that generates energy flow mappings for industrial 
end-users to make energy optimization decisions. In addition to documenting energy flows, the tool supports 
the continuous improvement of the energy mapping itself and the actual energy use. 
 
The required data is collected by reviewing existing specifications of production facilities, complemented with 
interviews with personnel working on the production lines, as well as other on-site investigations. The 
information is then entered into the developed model, which produces energy flow mapping as output. The 
model’ s output can then be used to gain an overview of the primary energy used and identify future 
opportunities for energy optimization, electrification, and decarbonization of industrial sites. An industry use 
case has successfully illustrated the performance of the model reaching 88% accuracy. 
 

Keywords: 

Energy mapping, Generic model, Support tool, Green transition, Decarbonization of industry 
 

1. Introduction 
The global challenge of achieving emission reductions and climate neutrality necessitates the prioritization of 
resources across various industries and sectors worldwide. In many countries, including Denmark, the 
manufacturing industry significantly contributes to energy use and greenhouse gas emissions. In Denmark 
specifically, the manufacturing industry accounts for 160 PJ or 21% of final energy use [1].  Consequently, 
optimizing energy use becomes crucial when it comes to industrial processes. However, energy mapping can 
be costly, as it requires a detailed understanding of the process at hand.  
 
Recent studies indicate that the current trends and implementation of existing policies aimed at reducing 
primary energy use in Europe will not achieve a 20% improvement in energy efficiency [2]. Various barriers 
hinder the adoption of energy-efficient technologies and practices, as categorized by Sorrell et al. [3] ] in a 
taxonomy that compiles important contributions from literature. These barriers are divided into economic, 
organizational, and behavioral aspects, with fifteen different barriers identified as significant in literature. The 
study highlights the high cost associated with gathering, analyzing, and applying information, as well as the 
lack of information leading to missed opportunities for cost-effective energy efficiency. Additionally, the 
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perceived cost of energy conservation has been recognized as a barrier to industrial energy efficiency 
investments in Greece [4]. 
 
Furthermore, Bunse et al. [5] conducted a review of methodologies for incorporating energy efficiency 
performance into production management and found that most industrial companies still lack effective methods 
to comprehensively and practically address energy efficiency. The authors attribute the gap between industrial 
needs and scientific literature to several reasons, including the complexity of production sites, which often 
operate multiple production processes to meet business needs, variability in energy intensity factors across 
different products, and isolated analysis of specific energy use without considering production operations. 
Consequently, there is potential for misleading conclusions when attempting to account for all variables 
associated with energy efficiency. Additionally, the authors note that analyzing thermal energy usage is more 
challenging in practice compared to analyzing electrical usage. 
 
Currently, existing software designed for energy mapping focuses on the entire process operation, requiring a 
high level of detail and many input parameters. In many cases, these parameters are unknown, resulting in 
unnecessary efforts on details that may have little importance for actual energy optimization.  Alternatively, 
using Excel software as a tool for energy mapping is challenged by the complexity of systems, causing the 
program to become too slow for practical use. Additionally, achieving accurate results with Excel requires 
decent experience in energy mapping and the calculation tool. 
 
Energy mapping is currently mandated under the European Union's Energy Efficiency Directive (EED) [6]. It is 
the first step in performing mandatory energy audits every four years, to develop projects that increase energy 
efficiency. Complying with the DS/EN ISO 50001 "Energy Management Systems" also requires companies to 
perform an "Energy Review" with the same core ideas, establishing key performance indicators (KPIs) and 
identifying significant energy users (SEUs). 
 
The primary goal of the project presented in this study is to develop a generic, holistic, and flexible process 
mapping methodology that efficiently obtains production and energy data from industrial plants within a short 
time frame. The aim is to describe at least 85% of thermal energy used at any industrial facility, using only a 
few days on-site with qualified staff and an additional day for preparations and fine-tuning. This approach 
enables the creation of energy mappings in a cost-effective and efficient manner, contributing significantly to 
the transition towards a greener process industry. By making energy audits cheaper and faster, the number of 
energy mappings created each year is expected to increase, thereby reducing energy use and quantifying 
optimization potential [7]. Moreover, studies [8,9] have demonstrated that energy efficiency measures can 
have a broader impact beyond energy savings, such as process, facility, and organizational levels. These 
measures can also lead to non-energy benefits, such as increased productivity, improved product quality, 
reduced costs of environmental compliance, decreased carbon and emission footprint, and lower waste 
disposal expenses, among others. Worrell et al. [10] have compiled a comprehensive list of non-energy 
benefits associated with energy efficiency technologies. 
 
In addition, the model presented in this study is a step towards creating a software tool that generates energy 
flow mappings for industrial end-users, enabling decision-making with energy optimization in mind. The tool 
supports the continuous improvement of the energy mapping itself and actual energy use. It also serves as 
the foundation for continuous generation of energy savings, turning a single-shot approach to energy mapping 
into an ongoing cyclic process, aligning well with the current trend towards increasing energy efficiency targets. 
 
Such a tool can provide sufficient data from numerous manufacturers required to train machine algorithms 
designed for energy management in different types of processing activities, introducing the digital twin concept 
for industrial energy systems, intelligent recommendations, and demand-side management in the future. 

 

2. Method 

2.1. Generic process mapping approach 

The primary goal of the proposed process mapping methodology is to effectively obtain production and energy 
data from industrial plants in a short time. This data can then be analyzed to provide a generic, holistic, and 
adaptable model that covers the following perspectives.  
 

• The model should be generic in nature, making it applicable to diverse production plants, ranging 
from small and medium-sized companies (which typically face obstacles towards energy-efficiency 
measures) to large-sized companies. 

• It should pursue a holistic perspective on the relationship between manufacturing processes and 
energy usage, encompassing all relevant processes and energy flows. 



 

 

• The model should be adaptable to changes in the production environment, such as equipment 
relocation or process improvement. 

• It should provide a data set for multi-dimensional evaluation, including energy savings, electrification, 
and carbon neutrality strategies in all relevant fields of action. Additionally, it should support the 
continuous improvement of energy mapping. 

 
The methodology consists of four main steps and several sub-steps, as illustrated in Figure 1, and described 
in the following text. These steps are generally applied to all production lines and can be scaled up and/or 
aggregated to the factory level. The outcome of the calculations and data validation also serves as the basis 
for iteratively improving the quality of the energy mapping. By gradually adding more sensor data and reducing 
uncertainties one node at a time, the user can maintain an overview of the overall plant operation while working 
with individual components. 

 

 

Figure. 1.  The proposed methodology consists of 4 main steps and several sub-steps 

Step 1: Flow classifications and data collection 

Effective flow classifications and data collection are essential for developing a comprehensive understanding 
of energy use within production plants. This understanding will lead to the identification of areas of energy 
inefficiency and waste, facilitating the development of strategies for overall energy efficiency improvement in 
the future. Flow classifications involve categorizing energy usage based on its source, form, and utilization 
within a production process. This includes identifying the various inputs and outputs of energy within the facility, 
as well as how energy is transformed and used by different machines, equipment, and production lines. Data 
collection is the process of gathering and analyzing information on energy usage in a production environment, 
which can be done in various ways. 



 

 

To further understand the amount of energy use in production plants, it is crucial to map out the flow of energy 
within an industrial facility, categorize energy usage, and analyze its correlation with production processes and 
outputs. Raw materials are consumed in production processes, which convert them into products, along with 
potential by-products that may or may not be desirable. These processes often require a significant amount of 
energy, which is partially utilized for value-added activities contributing to the final form and composition of 
products. However, the remaining energy is wasted in the form of heat losses and emissions. It is important to 
understand not only the operation of the equipment but also the actual energy requirement from the process. 
This is achieved by establishing a process flow balance, which involves tracing the flow of the product through 
process operations (POs) from start to finish and accounting for the mass and energy balance of each PO, as 
explained briefly in step 2. Energy mapping utilizes streams to track the conversion paths of different forms of 
primary inputs, such as chemical energy, electrical energy, and thermal energy. 
 
The concept of flows allows for the design of a structure that can serve as the foundation for a software 
application. The data structure should be designed with various processes in mind and be tested with a variety 
of applications and industries. By applying these steps to a production environment, the relationship between 
process, equipment, and energy usage is highlighted, providing insights into how production activities function 
within an industrial facility and how energy and production are interconnected. 
 

Production flow (sub-steps: 1_1_a -1_4_a) 

Step 1_1_a: Identification of the process operational steps 

The entire production line can be further divided into different process operational steps. Each process step 
can be defined and labeled according to production specifications or internal factory documents. 
Understanding the current production system and breaking it down into appropriate steps will provide a solid 
foundation for the energy mapping and future assessments. This involves identifying the individual process 
steps, their sequence, and the inputs and outputs for each step. 
 

Step 1_2_a: Identification of the process operational units/equipment  

Once an industrial process has been selected, the next step is to describe the existing process steps and their 
corresponding unit operations and equipment. This can be achieved by assuming that the product flow passes 
through several blocks, which can be arranged in parallel, series, or loops. Each block represents a unit 
operation with significant energy demand, such as pasteurization, boiling, evaporation, drying, and distillation, 
along with their respective subprocesses, if applicable. The equipment used for each process is then identified, 
along with the quantity of equipment per step. While a real production plant may consist of many process 
operation units and components, the focus should be on those with the highest energy demand. Table 1 
presents list of process operational units and equipment that can be included in this part. 
 
It is important to note that there may be many interconnections between the process step and process 
equipment, as well as primary and secondary production flows, but simplification is necessary to illustrate that 
each product will only follow one main path through the process. 
 
To ensure consistency throughout the energy mapping process, the basic operational blocks developed in the 
previous step should be reused. This necessitates testing the proposed blocks and interconnections in various 
production plants and refining them to establish a robust foundation for future implementation in the software 
tool. 

 
Table 1. List of process operational units and equipment that can be included  

Process operational units and equipment 

 
Mechanical 

 

 
Thermal 
(indirect) 

 

 
Thermal 
(direct) 

 

 
Electric 

 

 
Heat transfer 

 

- Collector 
- Mixing, stirring, 
suspension, sedimentation, 
wetting, absorption 
- Splitters 
- Separation of flows, 
filtration, extraction, 
centrifuge, decanters, press 
 

- Evaporator 
- indirect drying 
- Boiling 
- Baking 
- Distillation 
- Reactor 
 

- Drying 
- Stripping 
 

- Compressor 
- Induction cooker 
 

- Warm up 

- Cooling 
- Pasteurization 
- fermentation 

 
 



 

 

 

Step 1_3_a: Identification of the products and secondary media 

The amount and type of raw materials used in the production process, as well as the flow of products through 
the process, should be recorded annually and updated regularly. This information can be used to track changes 
in the amount and type of raw materials used in the production process, as well as changes in the flow of 
products through the process. 

Apart from the main production flow, it is important to identify the secondary media used in each operational 
unit to heat up, cool down, pasteurize, or wash the main product flow. These secondary media could be 
anything used to transfer heat to or from the product flow, such as air, water, or steam, etc. 

For example, in a drying operation, hot air might be blown into the dryer to heat up the product. In a 
pasteurization or washing operation, hot water might be sprayed into the unit to pasteurize the main product 
or to wash the equipment used in the production line. In some cases, steam might be injected directly into the 
product flow to increase the temperature of the product flow or change its consistency. In all these cases, the 
secondary media requires energy, which should be accounted for in the energy use of the operational unit 
process. 

Additionally, this information can also be used to evaluate the effectiveness of different energy-saving 
strategies, such as optimizing the use of secondary media or using alternative methods to heat up, cool down, 
or pasteurize the product flow in the future. 

 

Step 1_4_a: Collection of input-output data 

In this step, all inlet and outlet data of the product and secondary flows in production lines are collected, along 
with their respective state conditions, such as temperature, pressure, mass flow rates, specific heat, and other 
relevant parameters.  

If energy meters are installed at this step, the information can be gathered from the energy monitoring system. 
Otherwise, the required data is collected by reviewing existing production specifications complemented with 
interviews with personnel, such as production associates, supervisors, and managers, as well as other on-site 
investigations, information from control rooms, and manual calculation of the remaining required information. 

 

Step 1_1_b: Identification of energy carrier flows through the facility  

The main objective of this step is to identify the main energy supply systems, including electricity, heating and 
cooling utilities, and their corresponding purchasing, conversion, and transmission processes. 

Energy carrier flows are the sources of energy that supply electricity, steam, or other forms of energy required 
for powering equipment, heating, and cooling in an industrial plant. These sources can either be purchased 
from outside (i.e., electricity from the grid or heat from district heating network) or generated on-site by 
converting primary energy sources, such as natural gas, oil, coal, biomass, or renewable sources, such as 
solar, wind, or geothermal energy. 

To convert primary energy sources into usable energy, various types of equipment, such as boilers, cooling 
systems, heat pumps, turbines, generators, and motors, are used. These systems can transform energy from 
one form to another. Heating utility refers to systems or equipment that provide heat energy to a process or 
facility. The source of heat energy can be steam, hot water, thermal oil, or combustion gases from a furnace, 
boiler, or heat pump. On the other hand, cooling utility removes heat energy from a process or facility by 
consuming a certain amount of electricity, depending on the system's coefficient of performance (COP). 
Cooling utilities can be supplied through cooling towers, chillers, or refrigeration systems, and the source of 
cooling energy can be air, water, or other fluids. These heating and cooling utilities are commonly used in 
various industrial processes, such as chemical reactions, food processing, and manufacturing, where 
temperature control is critical. The temperature and flow rate of the heating and cooling utilities are usually 
monitored and controlled to ensure that process conditions are maintained within the desired range. 

Energy transmission refers to the distribution of energy from the source to the end-use consumers, which can 
involve various transmission systems, such as pipelines for transporting natural gas or liquids, electrical grids 
for transmitting electricity, and piping systems for delivering steam, hot water or cooled fluid. The end-use 
consumers can be divided into different categories of production processes, support systems, space heating, 
or even direct delivery to a district heating network. 

In addition to supplying energy, industrial plants can also implement various energy recovery and conservation 
measures to improve efficiency and reduce costs. Heat recovery systems can capture waste heat from one 
process and reuse it in another, reducing the need for additional energy input. Compressed air systems can 



 

 

be optimized to reduce energy consumption, and motors and pumps can be upgraded to more energy-efficient 
models. 

 
Step 1_2_b: Collection of data 
Data collection for electricity consumption, heating, and cooling utilities in an industrial plant typically involves 
gathering information on various aspects, such as: 
 

• Electricity consumption: This typically involves identifying the equipment with the highest electricity 
consumption, such as motors, pumps, fans, compressors, and conveyors. The common methods of 
collecting electricity consumption data can be smart meters, manual meters, and billing data. 

 

• Heating and cooling utilities: This includes the amount of heat generated by the heating equipment 
(e.g., boilers, furnaces, heat exchangers), the type of fuel used (e.g., natural gas, oil, biomass), and 
the efficiency of the heating systems. It also includes the amount of cooling generated by the cooling 
equipment (e.g., chillers, cooling towers, heat exchangers), the type of refrigerant or cooling medium 
used (e.g., water, glycol), and the efficiency of the cooling system. 

 
Excess heat recovery: Any excess heat that is recovered from process equipment or buildings and reused for 
other applications. This includes information on the heat recovery equipment (e.g., heat exchangers) and the 
amount of heat recovered. 
 
The required data for the last parts can be collected through various means, such as using sensors and meters 
installed on the heating and cooling equipment and piping network to monitor temperature, pressure, flow rate, 
and energy use. Data can also be collected manually by taking measurements at specific intervals or by 
reviewing equipment logs and maintenance records or interviewing personnel. 

 
Step 1_1_c: Identification of support systems 
In an industrial plant, support systems are crucial for the efficient and safe operation of the facility. One 
important support system is cleaning in place (CIP), which allows for the cleaning of process equipment and 
piping without disassembly. Additionally, industrial plants may have other support systems in place, such as: 
 

• Water treatment systems: Since industrial processes often require large amounts of water, water 
treatment systems may be necessary to ensure that the water is safe for use and meets the required 
quality standards. 

• Waste treatment systems: Industrial processes can generate waste products that must be treated or 
disposed of properly to prevent environmental contamination. 

 
Step 1_2_c: Collection of input-output data 
To collect energy data for support systems in industrial plants, it is typically necessary to gather information 
on equipment specifications and energy requirements for running the systems that support the main production 
process. Energy meters can be installed on the equipment to measure usage, while energy bills and 
consumption records can be reviewed to track energy use. Here are some examples of energy data that may 
be collected for support systems: 
 

• Electrical power consumption: Monitoring the power consumption of motors, pumps, and other 
electrical equipment used to support the manufacturing process can help determine the energy usage 
of support systems. 

• Steam consumption: Measuring the amount of steam used to support the manufacturing process can 
help determine the energy usage of the steam system. 

• Water consumption: Measuring the amount of water used to support the production process can help 
determine the energy usage of the water supply and treatment systems. 

Step 2_a: Process flow balances 

This step involves conducting energy and mass balances for each unit operation that comprises the industrial 
processes. Inlet and outlet process streams, along with their respective state conditions (such as temperature, 
pressure, mass flow, specific heat, etc.), which are collected in previous steps, are used to determine the 
energy and mass balances of the production throughout the facility based on the first law of thermodynamics. 
 
By conducting the process flow balance, we can understand the energy requirements of the process. Each 
cooling and heating demand yields a specific energy demand that can be calculated. These demands will vary 
depending on the amount of product input into the model. All these individual demands are then summed up 



 

 

to establish the process energy requirement, both in terms of heating and cooling. These energy demands can 
be reduced and optimized. 

 

Step 2_b: Energy flow balance  

An energy flow balance is carried out in addition to the process flow balance, to describe the energy flow 
through and the efficiency of the utility systems at the process site. It involves four overall sub-steps: 
“Purchase”, “Conversion”, “Distribution”, and “Energy Use”. The starting point of this balance “Purchase” is the 
energy bill, based on energy consumed as purchased fuels. 
 
To illustrate, consider the example of a natural gas boiler producing steam for a process. In the “Purchase” 
sub-step, the purchased energy is examined from the company's bookkeeping to determine the gas input for 
the boilers. In the “Conversion” sub-step, all conversion losses related to producing steam from natural gas in 
the boiler are accounted for, including flue gas loss, radiation loss, blowdown, and deaerator. Additionally, 
conversion gains can be estimated, such as the introduction of valuable heat from waste heat through a heat 
pump. 
 
The “Distribution” sub-step involves accounting for all distribution losses related to distributing the steam on 
the process facility, mainly consisting of heat loss from piping and condensate losses. Subtracting all losses 
from the known purchased amount yields the amount of steam consumed on site. Finally, the “Energy Use” 
step is the output of the energy flow balance. Figure 2 provides an example of energy supply and energy use 
and their interconnection, corresponding to four sub-steps of step 2_b. 
 

Figure. 2.  An example of energy supply and energy use and their interconnection, corresponding to the four 
sub-steps of step 2_b. Different arrows of the same color correspond to different temperature levels of similar 

media 

 

Step 3: Data validation 

In an ideal energy mapping scenario, the energy flow balance output (i.e., “Energy use” calculated in step 2-
b) should equal the energy requirement calculated from the process flow balance (calculated in step 2-a). 
However, due to measurement uncertainties, poor data quality, and generalizations of complex processes, 
some deviation from this ideal situation can be expected. The accuracy of the energy mapping can then be 
determined as follows. 
 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑃𝑟𝑜𝑐𝑒𝑠𝑠 𝑒𝑛𝑒𝑟𝑔𝑦 𝑟𝑒𝑞𝑢𝑖𝑒𝑟𝑚𝑒𝑛𝑡+𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑙𝑜𝑠𝑠𝑒𝑠+𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑔𝑎𝑖𝑛𝑠+𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠𝑒𝑠)

(𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑑 𝑒𝑛𝑒𝑟𝑔𝑦+𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑔𝑎𝑖𝑛𝑠)
  (1) 

 

Step 4: Analysis of the process map (including evaluation of energy efficiency solutions and 
implementation)  

Once all the necessary data has been collected, the energy mapping analysis can be completed, and the 
outputs can be generated. The immediate outputs of a thorough energy mapping exercise include: 
 



 

 

• Simple energy overview: This involves identifying trends, patterns, and areas of high energy demand 
within the production line. Such an analysis can help identify significant energy users (SEUs), 
equipment KPIs, and efficiencies that can be easily developed and maintained to comply with ISO 
certifications. 

• Pinch analysis: This involves analyzing the energy use in the process in relation to the temperature 
requirements. The analysis determines the minimum possible demands for heating and cooling 
utilities. This information can be used for further process integration studies, the integration of heat 

pumps into the process, and the optimal selection of utilities. 

  

2.2. Case study  

The methodology was implemented for a case study to provide a preliminary assessment of its quality. The 
case study involved a production plant for fishmeal and fish oil. The site descriptions and outcomes of the 
implementation are detailed below. It should be noted that the proposed method was evaluated up to the end 
of step 3, while step 4 will be continued in future work. 

 
The production site specializes in the manufacturing of fishmeal and fish oil, operating 24/7. The plant 
processes fish by-products, such as the remains of fish that are not used for human consumption, to create 
high-quality protein and oil products. The process begins with the delivery of raw materials to the plant, where 
they are sorted. The fish is then cooked and pressed to extract the liquid portion, which is separated into fish 
oil and water. The solid portion is dried and ground into fishmeal. The resulting products are packaged and 
shipped to customers worldwide. Fishmeal is a valuable source of protein and other nutrients used in animal 
feed, while fish oil is a rich source of omega-3 fatty acids, which are essential for human health and used in 
dietary supplements, pharmaceuticals, and other industrial applications. 
 

3. Results  
The first three steps of the proposed methodology have been implemented in a production line, and the 
required data has been collected and evaluated. The results provide a visual representation of the process 
and energy relationship for the presented production line and are briefly summarized below. 

 

3.1. Case study  

Figure 3 and 4 show the general overview of the process steps and process units (sub-step 1_1_a and 1_2_a 
of the proposed methodology). The process steps identified for the plants are the main production line to 
produce fish meal, oil cleanser, and deodorization. The identified process steps related to the main production 
line include process operational units, such as the cooker, presser, dryer, decanter, evaporator, and centrifuge. 
The oil cleanser and deodorization include process operational units, such as the centrifuge, filter, stripper, 
and scrub. 

 
 

Figure. 3. The process operational steps for the presented case study, corresponding to step 1_1_a of the 
proposed methodology 

 



 

 

 

Figure. 4. The process operational units for the case study, corresponding to step 1_2_a of the proposed 
methodology. 

Figure 5 presents the process flow balance (sub-step 2-a), considering the process step related to the main 
production line to produce fish meal and process operational units that influence the mass balances or final 
energy use. The required data, including temperature, mass flows, and recipes (fraction of water, fat, and 
solid), are introduced as input and output data of the main production flow.  

 

 
 

Figure. 5.  The mass and energy balance for the case study, corresponding to step 2_a of the proposed 
methodology. 

It should be mentioned that the mass and energy balance presented in Figure 5 belongs only to one type of 
material. However, in practice, the company has handled three different types of raw materials, equal to 
108143, 919221, and 70293 tons/year, which requires a total of 73242561 kWh heating demand. 
 
Figure 6 presents steps 1_1_b, 1_2_b, and 2_b including the identification of energy flows, data collection, 
and energy flow balances for the presented case study. The steam is generated by five steam boilers mainly 



 

 

run on oil and natural gas. Table 2 presents the amount of energy calculated in the four sub-steps of step 2_b. 
It should be mentioned that since the production plant does not have a significant user of a support system 
such as CIP, steps 1_1_c and 1_2_c have been neglected. 
 

 

Figure. 6.  The energy flows, data collection, and energy flow balances for the presented case study, 
corresponding to steps 1_1_b, 1_2_b, and 2_b of the proposed methodology 

 
Table 2. The required amount of energy in four overall sub-steps: “Purchase”, “Conversion”, “Distribution”, 

and “Energy Use”,  

Heating utility  

   
Purchase fuel 

Conversion 
losses 

Distribution 
losses 

Energy (steam) 
to end-use 
consumers 

 
 
 
 
 
Equipment 

 
5 steam boilers 
Using natural gas 
and oil, with 0.92 -
0.94 % efficiency 
slightly differ for 
different boilers 

  
Natural gas: 
115184432  
kWh 
 
Oil:  
7619 kWh 
 
Total steam 
produced:  
 22993535 kWh 
 

 
6-9 % 

 
≃1701522 kWh 
for each boiler 
depending on 
efficiency 
 
Total steam:  
105954221 kWh 
 
 

 
3 % 

 
3178626 
kWh 
 
Total steam:  
102775585 
kWh 
 

 
Production flow: 
73.242.562 kWh 
(obtained from 
step 2_a) 
 
Space heating:      
6.277.252 kWh  
 
Delivery to district 
heating  
13.026.300 kWh 
         

 

 
Finally, from step 3, Eq.1, an 88 % accuracy of the mapping can be obtained. 

 

4. Discussion 
The proposed methodology acknowledges the challenges that may arise when verifying step 3, particularly in 
diverse and complex production plants. It is crucial to ensure that the interconnections between production 
flow, secondary media, and utilities are accurately represented to obtain correct values for the process and 



 

 

energy flow balance. To address this, further verification and validation of the methodology should be 
conducted across a range of production plants with varying complexities. This will help establish the 
methodology's robustness and reliability, allowing for adjustments and improvements as necessary.  
 
A comprehensive guideline should also be developed to assist users, especially those in the manufacturing 
industry who may not be well-versed in energy mapping techniques. The guideline should provide clear 
instructions and explanations, enabling users to effectively follow and utilize the software developed based on 
the proposed methodology. To ensure the usability and practicality of the software, it is essential to involve a 
diverse group of participants in case studies representing different industries. This will enable real-world testing 
and feedback from consultants, engineers, and production managers who possess domain-specific knowledge 
and experience. Their involvement will help identify potential challenges, provide valuable insights, and ensure 
that the software meets the requirements and expectations of various industries. By conducting extensive 
testing and gathering feedback, the methodology and accompanying software can be refined and optimized 
to maximize their effectiveness and usability in different production environments. 
 
Figure 7 illustrates a screenshot of the software that is currently under development. The software aims to 
represent the steps outlined in the methodology and provide a user-friendly interface for conducting energy 
mapping in production plants. Before the software is officially launched, it is essential to thoroughly test and 
evaluate its performance and functionality. This testing phase should involve different groups, as mentioned 
above. By involving these diverse groups, their valuable insights and feedback can be gathered to identify any 
potential issues, improve usability, and ensure that the software meets the specific needs and requirements 
of different production environments.  
 

 

Figure. 7.  Screen shot of the current software in the development phase 

Conclusion 
The paper presented a generic methodology to accelerate the energy mapping of production lines. The 
performance of individual process steps is modeled with a few inputs following the steps presented in the 
following methodology. Process operational units representing different operational steps are identified. A few 
readily available data are collected, while the rest are defined by exploiting engineering judgment, such as the 
experience of the involved industrial partners visiting the plant, and estimated default values. Being able to 
bypass blind spots with regards to sensor data allows us to continue the work without costly and time-
consuming measurement campaigns. The procedures developed in the proposed methodology thus enable 
the user to complete an energy mapping that may have been much more difficult to carry out otherwise. 
 
The methodology was implemented in a case study as an examples of Danish food industry. By implementing 
the methodology in a case study, it was demonstrated that the necessary data can be collected and evaluated 
effectively, representing 88% accuracy. 
 
The results of the case study showcased the potential of the methodology in visualizing the process and energy 
relationships within production lines. This enables the identification of significant energy users, equipment key 
performance indicators (KPIs), and opportunities for improving energy efficiency. 
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Abstract: 

The expansion of renewable energies in the power supply and the shutdown of conventional power plants can 
only succeed with an advancing flexibilization of the energy system. Decentralized energy systems, such as 
the energy supply system of a chemical site, can contribute to this, by unlocking the still unused potential for 
flexibilization. In order to lower the barriers to market participation, user-friendly and simple methods for the 
economic evaluation of flexibility with regard to the day-ahead and balancing power market are necessary. 
Accordingly, in this work a simplified dispatching method considering the day-ahead and the balancing power 
market in Germany for the mentioned distributed energy systems is developed using mixed-integer linear 
programming. Linear constraints commonly used in dispatching problems, such as energy balances, 
conversion efficiencies, and technical constraints, are coupled with new constraints representing the 
participation in the day-ahead and balancing power market. For the balancing power market the reserve of 
capacity and the balancing of energy with the uncertainty of calls are taken into account. As a result, the 
method can be used for day-ahead dispatching by considering the day-ahead energy market and the balancing 
power market simultaneously. 
Because the developed simplified method has low computation times compared to stochastic optimization, for 
example, it can additionally be applied for hourly resolved annual input data. These evaluations can support 
strategic planning by determining the economic value of flexibility in the event of market participation. Thus, 
the results form a starting point for further decisions to unlock unused flexibility. 

Keywords: 

Electricity markets, Balancing power market, Decentralized energy systems, Energy system optimization. 

1. Introduction 

1.1 Multi market participation 

The expansion of renewable energies in the power supply and the shutdown of conventional power plants can 
only succeed with an advancing flexibilization of the energy system. Decentralized, small energy systems, 
such as the energy supply system of a chemical site, can contribute to this, by identifying the existing flexibilities 
in a first step and offering them on the market in a second step. However, marketing these distributed energy 
systems goes along with challenges because the systems are complex and the different demands on the site 
can only be supplied through an integrated operation. In practice, the dispatching is realized in simple systems 
based on heuristic rules, such as the definition of a switch-on sequence, or in more complex systems based 
on experienced methods, such as mathematical optimization. Typically, the unit commitment of the 
decentralized energy systems, such as hybrid renewable systems [1] or combined cooling, heat, and power 
generation systems [2] is optimized for the participation on the day-ahead market. In most cases, due to the 
availability of robust and efficient solving methods, mixed-integer linear programming (MILP) formulations are 
used to minimize economic parameters, such as total operating cost [1–4]. The models, which are mainly 
based on energy balances, conversion efficiencies, and technical conditions, such as part load behaviour, can 
be applied to a wide range of large, real world optimization problems. Following this, dispatching can be 
managed for the day-ahead market of distributed energy systems with several technologies, including 
renewable energy systems, cogeneration systems, energy storages, or conventional generation [5–7]. 

The expansion of fluctuating renewable energy sources increases supply uncertainty in the power grid. As a 
result more short-term system balancing is needed [8,9]. Thus, the demand of flexibility on the short-term 
markets will also increase in the future. In this changing market environment, it may be economically worthwhile 



 

for the decentralized energy systems to identify their flexible capacity and monetize it on either the balancing-
power market or the continuous intraday market in addition to the aforementioned participation on the day-
ahead market. However, simultaneous participation in different energy markets is a complex problem that 
leads to a sequential decision-making process. In Germany and similarly in other European power markets, 
for example, the balancing reserve capacity auction starts in the morning on the day before delivery. Shortly 
thereafter, trading on the day-ahead market closes, and the continuous trading on the intraday market starts 
finally. In this marketing procedure, flexibility that has been already traded on one market can no longer be 
offered on another market. The optimal behavior with coordinated bidding in the mentioned multiple markets 
is usually computed by multi-stage stochastic optimization problems [10–12]. In these approaches, 
uncertainties, such as the request of control energy or the acceptance of a bid in the balancing power market, 
can be handled. The literature of multi market participation can be classified based on the model complexity 
of the market on the one hand and on the nature of the portfolio of assets in form of the complexity of the 
energy system on the other hand. On the market side, the work from [13] considers the day-ahead and 
balancing power market using averaged prices of capacity and energy without optimizing price bids. Other 
works optimize only the bids of the capacity price [14] or only the bids of the energy price [15] for balancing 
power. An even more detailed modeling of the balancing power market taking into account the relevant market 
rules for capacity and work can be found in [16]. In addition to the aforementioned works with the coupled 
marketing on the day-ahead and balancing power market, there are more complex models with the additional 
consideration of the intraday market [12,17,18]. On the energy system side, the developed methods are 
applied on hydro power plants [19,20], a virtual power plant [21,22], a portfolio with biogas power plants and 
photovoltaic systems [17], combined heat and power plants [13,23], a cement mill [16], energy storages [24], 
or a distributed multi-energy system [12]. 

1.2 Contribution of this work 

The presented multi market participation of a decentralized energy system is a cross-sectional topic from the 
field of energy system engineering with the unit commitment problem and the field of operations research with 
the optimal trading problem for multiple markets. The combination of these areas leads to the multi-stage 
stochastic optimization problems that are formulated for the energy system to participate in the multi-market 
setting. The detailed modeling of the day-ahead, intraday and balancing power market leads to a complex 
problem with a large scenario tree that is additionally linked to an often no less complicated energy system 
model. Thus, in case studies, the complexity is usually reduced to keep the problems manageable [17, 24]. 
However, the methods mentioned remain complicated to handle, for example, due to the modeling of scenario 
trees, discretization of bid prices or the use of possible reduction methods. 

Accordingly, this paper presents an alternative deterministic method that simplifies the described complexity 
on the market side, taking into account the day-ahead and the balancing power market in Germany, resulting 
in the following advantages: 

1) As complexity on the market side is reduced, complexity on the energy system side can be maintained, 
and common unit commitment models with constraints for start costs, load changes, or piecewise 
linear characteristics can be used. Thus, an easy integration into possibly existing dispatching 
procedures using existing MILP-models is possible. 

2) Due to the low computation times, the developed method can be used not only for dispatching but also 
for strategic planning by using hourly resolved annual input data. In comparison, the temporal 
resolution of the mentioned case studies is, for example, a quarter-hourly resolution of 18 typical days 
[18] or an hourly resolution for four typical weeks [13]. However, based on such results, the economic 
value of the different flexibilities or units in the energy system in case of a market participation can be 
quickly determined. These evaluations are of interest to companies planning to enter a specific market. 
They form a starting point for further decisions to unlock the unused flexibility. 

Another aspect that is relevant in the energy transition is the changing actor structure. As more and more small 
players, who do not have the capacity to apply multilevel stochastic programming methods, enter the market, 
the demand on user-friendly, simplified methods increases. For the small market players, such as the operators 
of decentralized energy systems, the market entry is accompanied by technical and economic risks, which are 
caused by the additional personnel and administrative effort on the one hand and by the changed operation 
modes of the units, which are adapted to the market, on the other hand. Based on the developed method, 
some of the risks can be minimized, because the behavior of the energy system during market participation is 
calculated while the economic value of the flexible capacities can be estimated. 

2.Simplified dispatching method for the day-ahead and balancing power 
market 

The proposed method allocates the flexible capacity of a distributed energy system to the balancing power 
and the day-ahead market. In a first chapter 2.1, the constraints for the German short term electricity and 
balancing power market are presented. In order to investigate the mechanisms of the balancing power market, 



 

historical data is analysed in a subchapter. Based on this, subchapter 2.2 presents the developed methods 
with their respective modelling equations. 

2.1 Short term electricity and balancing power market in Germany 

Germany's electricity market design is similar to the EU's overall electricity market design, but with some 
specific characteristics and features. The design of the balancing power market in Germany has undergone 
some adjustments in recent years. To ensure consistent market constraints, we focus on the rules for the 
period 08/01/2019 to 07/31/2020 in this work. 

 

 

Figure 1: Germany's electricity market design with trading deadlines for the secondary (aFRR) and tertiary 
(mFRR) reserve of the balancing power market, followed by the day-ahead auction and the continuous intraday 
trading. 

 

day-ahead market. In the balancing power market, balancing power is traded in the form of automatic 
frequency restoration reserve (aFRR) and frequency restoration reserve with manual activation (mFRR) in 
pay-as-bid procedures. For both products, suppliers can submit bids for 4-hour time slices for positive or 
negative control energy. In addition to the capacity quantity, the participants offer a price for the reserve of the 
capacity and an energy price for the actual request of balancing power. The tenders have to be submitted for 
aFRR by 9 a.m. The auction results are published at 10 a.m. This is followed by an equivalent procedure for 
the mFRR with the results being published at 11 a.m. The transmission system operator (TSO) realizes in a 
two-stage procedure the procurement of aFRR and mFRR. In the first stage, a merit order is used to select 
which suppliers are accepted. The decision is based on the capacity price bids and the total balancing power 
demand, which is determined by the TSO. In the second stage, a merit order for the operating day is formed 
from all the suppliers accepted in the first stage. The merit order is based on the energy price bids. If balancing 
power is needed, the suppliers with the lowest energy prices are called up first. In this paper, we focus on the 
aFRR market, which is the most important balancing power market in Germany with the highest demands [25]. 

On the day-ahead market, electricity is traded in hourly contracts for the following day. The market closes at 
12 p.m., and results are published at 1 p.m. Trading on this market is subject to the market-clearing principle, 
where the last accepted bid sets the price for all transactions. 

2.1.1 Historical data of the balancing power market 

This Section analyzes the historical data of the balancing power market for the mentioned one-year period 
08/01/2019 to 07/31/2020. The evaluations are based on raw data with a resolution of four seconds from the 
platform regelleistung.net [26]. In a first step, the request probabilities for positive and negative aFRR are 
calculated as a function of the energy price bids for the respective 4 h time slices of a day, as illustrated in 
Figure 2. Following the work of [27], the request probability results from the number of all 4-second blocks 
with request of aFRR for the respective energy price, divided by the total number of 4-second blocks. The 
results show a decrease of the request probability with increasing energy prices for positive and negative 
aFRR. For positive aFRR, the most frequent calls were made in the range below 40 EUR/MWh with a 
probability of about 50 %. In the energy price range from 40 EUR/MWh to 100 EUR/MWh, there is a large 

gradient where the number of requests strongly depends on the energy prices offered. 
For the negative aFRR, electricity is supplied from the grid during the request, leading to profitable negative 
energy prices, as seen in Figure 2 (right). The request probabilities for negative aFRR are highest at energy 
prices below minus 20 EUR/MWh with 50%. 
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Up to 5min before t0  
Intraday: „Pay as bid“ 
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„Pay as bid“ 
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8 am 9 am 10 am 11 am 12 am t0 
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Figure 2: Probabilities of request as a function of energy price bids for positive aFRR (left) and negative aFRR 
(right) for the period 08/01/2019 to 07/31/2020. 

 

Following the work of [27], the theoretical potential of the profits regarding the balancing power requests can 
be determined on the basis of the historical data, as shown in Figure 3 (left) for positive aFRR. This potential 
of profit can be calculated for different flexible capacities in form of different marginal costs. The marginal costs 
were assumed to be constant costs that are incurred when the balancing power is requested. These results 
give an insight into the relationship between the energy price bid, the energy system with the respective 
marginal costs, and the possible profits regarding the balancing requests. The balancing providers have to 
manage the trade-off between the bids for energy prices and the corresponding request probabilities: Low 
energy prices lead to high requests with low revenues per request, and high energy prices lead to low requests 
but with high revenues per request on the other side. As seen in Figure 3 (left), in theory there are optimal 
electricity bids that resolve the mentioned trade-off with maximum potential of profit. This maximum potential 
of profit decreases rapidly with increasing marginal costs, as illustrated in Figure 3 (right). 

  

Figure 3: Potential of profit from positive aFRR requests for different marginal costs of electricity generation 
as a function of energy price bids (left) and the maximum potential of profit as a function of the marginal costs 
(right) the period 08/01/2019 to 07/31/2020. 

 

2.2 Formulation of the developed dispatching methods 

The developed methods optimize the participation of a distributed energy system in the balancing power and 
day-ahead market for the next day (d-1), as seen in Figure 1. In this paper, we focus on the market of aFRR, 
which is the most important balancing power market in Germany [25]. The coupled multi-market optimization 
can resolve the trade-off faced by flexibility providers in deciding which of the two markets to operate in. The 
methods are based on a mixed-integer linear programming (MILP) model of the energy system. This approach 
is commonly used for unit commitment by minimizing the operating costs of the system under linear constraints 
such as energy balances, efficiencies, and technical constraints for the day-ahead market [3,4]. 

In the following Section, the two developed methods Perfect forecast and Virtual capacity price are 
presented. The method Perfect forecast calculates an upper limit of the possible profits for a first estimation 



 

of the market potential. The method Virtual capacity price uses a 2-stage modeling approach that represents 
the balancing power market in more detail. In the presentation of the methods, we focus on the formulation 
of the market constraints because modeling the energy system is implemented according to the 
aforementioned common formulations. Note that all MILP variables are formatted in bold style while normal 
font style is used for all coefficients. 

One-stage algorithm: Perfect forecast 

The basis of the Perfect forecast method is the assumption that the exact request of balancing power on the 

day of marketing d-1 is known. The power reserve is modeled using integer variables for positive 𝑩𝑷𝒕
+ and 

negative 𝑩𝑷𝒕
− balancing power for each time step 𝑡 ∈ 𝑇. Each integer variable represents the acquisition in 

discrete 1 [MW] steps. The variables are coupled to represent the respective 4 h time slices of the aFRR 
product, as illustrated in Figure 4. 

 

 

Figure 4: Modelling of positive and negative balancing power for the respective 4h time slices using integer 
variables, representing the acquisition in discrete 1 [MW] steps. 

 

Based on the mentioned variables, a technical constraint with the blocking of the respective unit capacity for 

the balancing power market is modeled, using the electrical power �̇�𝒆𝒍,𝒕 with the associated minimum partial 

load �̇�𝑚𝑖𝑛 and nominal load �̇�𝑚𝑎𝑥 of the unit. The blocking is reduced to allow the request of balancing power 

with �̇�𝒓𝒆𝒒,𝒕. 

 �̇�𝑚𝑖𝑛 + 𝑩𝑷𝒕
− ≥ �̇�𝒆𝒍,𝒕 + �̇�𝒓𝒆𝒒,𝒕 ≥ �̇�𝑚𝑎𝑥 − 𝑩𝑷𝒕

+, ∀ 𝑡 ∈ 𝑇 (1) 

Note that, in this formulation, it is assumed that the unit is not capable of fast start-ups and can offer balancing 
power only in the range between the minimum part load and the nominal load. The request of balancing power 
is calculated with the factors 𝑓𝑡

− and 𝑓𝑡
+. The factors represent a specific time series of requested balancing 

power for a given energy price 𝑝𝑒 and were created from historical data: 

 �̇�𝒓𝒆𝒒,𝒕 = −𝑩𝑷𝒕
− ∙ 𝑓𝑡

−+𝑩𝑷𝒕
+ ∙ 𝑓𝑡

+, ∀ 𝑡 ∈ 𝑇 (2) 

The revenues on the balancing power market for the capacity reserve is formulated with the average, historical 
capacity prices for positive and negative 𝑝𝑐𝑡

− balance of the pay-as-bid procedure. By using the average prices, 
it is assumed that with these average price bids, the surcharge for the balancing power offered in the pay-as-
bid procedure is always accepted. The revenues acquired from requests are calculated using the energy prices 
𝑝𝑒− and 𝑝𝑒𝑡. Both revenues are added to the common target function of the operational cost OPEX of the 
energy system model. 

𝑶𝑷𝑬𝑿𝑩𝑷,𝒕 = −𝑩𝑷𝒕
−(𝑓𝑡

− ∙ 𝑝𝑒− + 𝑝𝑐𝑡
−)−𝑩𝑷𝒕

+(𝑓𝑡
+ ∙ 𝑝𝑒+ + 𝑝𝑐𝑡

+), ∀ 𝑡 ∈ 𝑇 (3) 

In summary, this formulation means that when deciding whether participation in the balancing power market 
is worthwhile, the optimization simultaneously takes into account the request of balancing power with the 
respective remuneration via the energy price. In this respect, the model can perfectly predict during 
optimization on d-1 at which exact points in time balancing power will be requested. 

The revenues from the day-ahead market participation equals the electricity fed into the grid �̇�𝒆𝒍,𝒕
𝑫𝑨,𝒇𝒆𝒅−𝒊𝒏

 and 

purchased from the grid �̇�𝒆𝒍,𝒕
𝑫𝑨,𝒑𝒖𝒓

 multiplied with the day-ahead market price for selling 𝑝𝑒 𝑡
𝐷𝐴,𝑠𝑒𝑙𝑙

 and buying 

𝑝𝑒 𝑡
𝐷𝐴,𝑏𝑢𝑦

. 

𝑶𝑷𝑬𝑿𝑫𝑨,𝒕 = −�̇�𝒆𝒍,𝒕
𝑫𝑨,𝒇𝒆𝒅−𝒊𝒏

∙ 𝑝𝑒 𝑡
𝐷𝐴,𝑠𝑒𝑙𝑙 + �̇�𝒆𝒍,𝒕

𝑫𝑨,𝒑𝒖𝒓
∙ 𝑝𝑒 𝑡

𝐷𝐴,𝑏𝑢𝑦
, ∀ 𝑡 ∈ 𝑇 (4) 

Because the prices of the day-ahead market are well predictable on d-1, the method uses the exact historical 
data of the market clearing price. 
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Two-stage algorithm: Virtual capacity pricing 

Compared to the Perfect forecast method, the Virtual capacity pricing algorithm takes uncertainties of the 
balancing power market into account. For this purpose, an averaged statement about the balancing power 
requests on the following day is made on d-1, based on historical request probabilities. In detail, the procedure 
is as follows: 

Stage 1: In addition to the average capacity price 𝑝𝑐𝑡
+ and 𝑝𝑐𝑡

−, a virtual capacity price 𝑝cvirtual,t is integrated 

into the model. 

𝑶𝑷𝑬𝑿𝑩𝑷,𝒕 = −𝑩𝑷𝒕
−(𝑓𝑡

− ∙ 𝑝𝑒− + 𝑝𝑐𝑡
− + 𝑝𝑐𝑣𝑖𝑟𝑡𝑢𝑎𝑙,𝑡

− )−𝑩𝑷𝒕
+(𝑓𝑡

+ ∙ 𝑝𝑒+ + 𝑝𝑐𝑡
+ + 𝑝𝑐𝑣𝑖𝑟𝑡𝑢𝑎𝑙,𝑡

+ ), ∀ 𝑡 ∈ 𝑇 (5) 

This virtual price is calculated with historical data and reflects the averaged revenues from a possible balancing 
power call on the operating day. Specific balancing power requests are not considered in this stage by setting 
the request factors∙ 𝑓𝑡

− and 𝑓𝑡
+ to zero in equation (2). In this stage, the optimization model can calculate the 

trade-off between the participation on the balancing power market with the possible reserve of power and the 
day-ahead market based on the resulting capacity price. 

Stage 2: In this stage, the market participation from stage 1 is fixed. The virtual capacity price is removed and 
the historical requests are imposed with a fixed energy price. This stage calculates in detail how the power 
system behaves after the optimal marketing on d-1 from stage 1 on the operating day while responding to the 
specific balancing power requests. 

The challenge of the methodology is the calculation of the virtual capacity price, which has a large impact on 
the optimization results. Exact details of these difficulties are presented in the case study. All equations not 
mentioned in this method are formulated equal to the Perfect forcast method. 

3. Case study for market participation of an ideal-typical utility 
infrastructure of a chemical site 

3.1 Input parameters and solving method 

The methods proposed are applied to an ideal-typical utility infrastructure (iCV) of a chemical site from [28]. 
The utility infrastructure supplies electricity and heat for the local chemical companies. The layout of the supply 
structure is shown in Figure 5. The heat demand consists of a medium-pressure (31 bar) and a low-pressure 
(6 bar) steam demand. The primary process unit is a gas turbine with 114 MW electrical power followed by a 
heat recovery steam generator with 150 MW thermal power. In addition to the heat recovery steam generator, 
two separate gas-fired steam generators and an electrode boiler can provide steam. The high-pressure steam 
can be expanded to 31 bar and 6 bar via a turbine system, generating additional electricity. The supply 
structure is generally operated on a heat-led basis to cover the 31 bar and 6 bar steam demand. Differences 
between electricity generation and electricity demand are balanced by the purchase of electricity from the grid. 

 

Table 1: Data sources for the case study of the iCV model. 

Parameter  Data source Parameter Data source 

Electricity demand 

Bauer et al. [28] 

Capacity price 

balancing power market 
Regelleistung.net [26] 

Steam demand 31bar Energy price 

balancing power market Steam demand 6bar 

Gas price EPEX SPOT [29] Day-ahead market price Bundesnetzagentur 
SMARD.de [30] 

 

The overall iCV energy system participates in the day-ahead market (DA) and the gas turbine additionally 
participates in the balancing power market (BP) for aFRR. The gas turbine in the iCV model generates 
electricity and steam and this coupled generation is tightly integrated in the overall energy system. Therefore, 
the entire iCV energy system must be considered to analyze the multi-market participation of the gas turbine. 

Historical data from the period August 2019 to July 2020 are used to ensure consistent market constraints for 
the balancing power market. An overview of the data sources for the relevant input parameters is shown in 
Table 1. All optimization problems are calculated with Gurobi 9.5.0 on an Intel Core i5-8250U processor with 
8GB RAM with hourly resolved annual input data. All solving parameters are set to default values with a relative 
gap of 1e-3. To handle the time-coupled constraints such as the coupling of time steps for the 4 h time slices 
of the balancing power market, a rolling horizon approach with a time horizon of 24 h was applied in all 
optimization runs [31]. 

 



 

 

Figure 5: Layout of the ideal-typical utility infrastructure of a chemical site by [28] in the software TOP-Energy. 
A gas turbine with heat recovery steam generator, two gas-fired steam generators and a power-to-heat unit 
can produce steam, which is expanded to 31 bar and 6 bar by a turbine system to cover the heat demands. 

 

3.2 Perfect forecast method 

The operation of the gas turbine for the case of marketing on the day-ahead market is shown in Figure 6, as a 
function of the ratio of electricity price to clean gas price R. For low ratios of R with low electricity prices, 
electricity generation on site using the gas turbine is not worthwhile. For values of approximately R≥1.2, own 
generation is profitable with the operation at full load with 114 MW electrical power. 

 

 

Figure 6: Electricity generation of the gas turbine for the case of marketing on the day-ahead market (left) and 
marketing on the day-ahead and balancing power market for aFRR using the Perfect forecast method (right) 
as a function of the electricity-to-clean-gas-price ratio R. 

 

Compared to the pure day-ahead marketing, Figure 6 (right) shows the result of the coupled marketing on the 
day-ahead and balancing power market. The gas turbine is not capable of fast start-ups and can offer balancing 
power only in the range between the minimum part load and the nominal load with a maximum flexibility of 
57 MW. In a range around the turnover point with R=1.2, the marketing of positive and negative aFRR is 
worthwhile. During the respective marketing of balancing power, the gas turbine operates flexible in the range 
above the minimum part load to control the balancing requests. 
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Figure 7: Delta of operational costs (DA – DA and BP marketing) per MW of gas turbine flexibility as function 
of the energy price bid for positive and negative aFRR (left) and the comparison to the theoretical potential of 
profit for positive aFRR for different marginal costs in EUR/MWh, as originally presented in Figure 3 (right). 

 

The influence of revenues from the marketing of positive and negative aFRR on energy price bids is presented 
in Figure 7 (left). The revenues are illustrated as difference of operating costs between the scenario with day-
ahead marketing and the scenario with day-ahead and balancing power marketing. Both curves show an 
optimum with maximum revenues at 60 EUR/MWh for positive aFRR and –10 EUR/MWh for negative aFRR. 
However, the optimal energy price bid depends on the marginal costs of the unit, as analyzed in Section 2.1.1. 
A comparison of the discussed theoretical profit to the results of the iCV-model for positive aFRR is shown in 
Figure 7 (left) for different marginal costs. The average marginal costs of the gas turbine can be estimated at 
40 EUR/MWh for the iCV-model, taking into account the coupled generation of electricity and steam. The curve 
of the iCV-model corresponds qualitavely to the theoretical evaluation when the same marginal costs are 
assumed, with the same energy price bid at the optimum. This result shows that a reasonable energy price bid 
can be estimated using historical data and marginal costs of the unit participating in the market. Quantitatively, 
the revenues of the iCV-model are lower, because the model takes into account the entire energy system with 
more precise technical constraints, such as partial load behavior. 

3.3 Virtual capacity pricing 

In the 2-stage algorithm Virtual capacity pricing, a constant virtual price is added to the original capacity price 
time series in the first stage. The results of the algorithm depend on the level of this virtual price accordingly, 
as shown in Figure 8. 

  

Figure 8: Delta of operational costs (DA – DA and BP marketing) per MW of gas turbine flexibility as function 
of the virtual capacity price for positive (left) and negative aFRR (right). 

 

For both positive and negative aFRR, the revenues on the balancing power market are underestimated if a too 
small virtual capacity price is chosen. In these cases, only a few time slices are purchased on the balancing 
power market in the first stage of the algorithm, resulting in low total revenues in the second stage of the 
optimization. The choice of a too large virtual capacity price causes a possibly too strong marketing of 

0

5

10

15

20

25

30

35

40

45

50

-50 0 50 100 150 200

Δ
 O

p
er

at
in

g 
co

st
s 

TE
U

R
/a

/M
W

Bid energy price EUR/MWh

aFRR pos

aFRR neg

0

5

10

15

20

25

30

35

40

45

50

0 50 100 150 200

Δ
 O

p
er

at
in

g 
co

st
s 

TE
U

R
/a

/M
W

Bid energy price EUR/MWh

Marginal costs 40

Marginal costs 50

Marginal costs 60

iCV-model

0

5

10

15

20

25

30

35

40

0 20 40 60 80 100 120

Δ
 O

p
er

at
in

g 
co

st
s 

TE
U

R
/a

/M
W

Virtual capacity price [EUR/MW]

-5

0

5

10

15

20

25

30

35

40

0 20 40 60 80

Δ
 O

p
er

at
in

g 
co

st
s

TE
U

R
/a

/M
W

Virtual capacity price [EUR/MW]

Derived from 
historical data  
23 EUR/MW 

x 



 

balancing power in the model. This also leads to a non-optimal operation in the second stage with lower total 
revenues. At the highest virtual power capacity for positive aFRR, economic losses even occur compared to 
the pure day-ahead marketing. The best results are achieved for positive aFRR at a virtual capacity price of 
35 EUR/MW and for negative aFRR at a virtual capacity price of 40 EUR/MW. 

The challenge of the methodology is to determine a suitable virtual capacity price without performing a 
parameter study as illustrated in Figure 8. For this purpose, a price can be calculated in advance from the 
theoretical profit potential of the balancing power market using historic data, as demonstrated in Figure 3. 
However, the marginal costs of the unit participating in the market must be estimated for this purpose. In the 
case study, the approximate marginal costs of the gas turbine are 40 EUR/MWh. In theory, such a unit can 
generate about 50 TEUR/MW per year with balancing requests following the evaluations in Figure 3. From 
this, an average virtual capacity price of 23 EUR/MW can be calculated. Although this value does not meet the 
optimum of 35 EUR/MW, it still provides a good estimation for setting a reasonable virtual capacity price. 

3.4 Evaluation and comparison with simple trading strategies 

A comparison of the developed methods Perfect forecast and Virtual capacity price is shown in Figure 9. In 
both methods, the total revenues on the balancing power market consist of a small share of revenues from the 
capacity reserve and a main share of revenues from balancing power requests. When deciding whether 
participation in the balancing power market is worthwhile or not, the Perfect forecast method can 
simultaneously take into account the balancing requests with the respective revenues. In doing so, the model 
can preferentially select profitable time slices with many request calls. Accordingly, the results for this 
methodology in Figure 9 show high revenues from balancing power requests compared to the Virtual capacity 
price method. The total number of purchased time slices on the balancing power market is similar for both 
methods. However, more negative time slices are marketed in the Virtual capacity price method compared to 
the Perfect forecast method, resulting in increased use of the gas turbine with higher fuel costs and lower 
electricity costs due to the higher on site electricity generation. 

In summary, the results of the presented Perfect forecast method with the total revenues of 55 TEUR/MW 
provide a theoretical profit potential of the market. A more realistic view, in which no exact requests are 
predicted on d-1, is calculated by the Virtual power price method leading to lower total revenues of 
33 TEUR/MW. 

  

Figure 9: Delta of cost components (DA – DA and BP marketing) for electricity, fuel and balancing power 
(aFRR) per MW of gas turbine flexibility (left) and the number of aFRR time slices acquired (right). 

 

In summary, the results of the presented Perfect forecast method with the total revenues of 55 TEUR/MW 
provide a theoretical profit potential of the market. A more realistic view, in which no exact requests are 
predicted on d-1, is calculated by the Virtual power price method leading to lower total revenues of 
33 TEUR/MW. 

The presented results are compared with different simple bidding strategies for the balancing power market in 
the following Section. These simple bidding strategies are based on the optimal gas turbine commitment for 
the scenario where the energy system participates only on the day-ahead market, as illustrated in Figure 6 
(left). Accordingly, the following presented strategies 1a), 1b), 2a) and 2b) are derived from the optimal gas 
turbine schedule, as also shown in Figure 10. 

1a) The day-ahead schedule is not adjusted and negative balancing power is marketed at the times when the 
gas turbine is running at full load. In this strategy, a maximum capacity price and a maximum energy price are 
bid. It is assumed that by bidding the high energy price, no balancing power is requested. 

1b) As in 1a) but a bidding strategy with a medium capacity price and a medium energy price with consideration 
of balancing requests. 
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2a) The day-ahead schedule is adjusted. At the times when the gas turbine is off, the turbine is ramped up to 
market positive balancing power. At times when the gas turbine is on, negative balancing power is marketed. 
For positive and negative balancing power, an average capacity price and an average energy price are used, 
taking into account balancing power requests. 

2b) The day-ahead schedule is adjusted. At the times when the gas turbine is on, the gas turbine is shut down 
to minimum partial load in order to offer positive balancing power. For the positive balancing power, an average 
capacity price and an average energy price are used, taking into account balancing power requests. 

 

 

Figure 10: Simple bidding strategies 1), 2a) and 2b) for the balancing power market based on the optimal day-
ahead schedule (without BP) of the gas turbine. 

 

The overall results are shown in Figure 11 for the presented four bidding strategies (schedule adjusted) and 
the developed methods Perfect forecast and Virtual capacity price (Coupled optimization). The first three 
bidding strategies 1a), 1b) and 2a) show small revenues between 2.2 TEUR/MW to 5.5 TEUR/MW. In strategy 
1a) the high energy price bid leads to the avoidance of balancing power requests. However, we have shown 
that balancing power requests are relevant for the generation of profits and, accordingly, higher revenues are 
found in strategy 1b), which considers requests. In bidding strategies 2a) and 2b) the day-ahead schedule is 
adjusted leading to strongly different revenues. In strategy 2a) very low revenues are generated, whereas 
strategy 2b) leads to significant profits with 18 TEUR/MW per year. 

 

Figure 11: Delta of operational costs (DA – DA and BP marketing) per MW of gas turbine flexibility for the 
presented four simple bidding strategies (schedule adjusted) and the developed methods Perfect forecast and 
Virtual power price (Coupled optimization). 

 

Basically, the simple bidding strategies for the balancing power market based on the day-ahead schedule can 
generate profits. However, this scheduling "by hand" is not ideal and the revenues are fluctuating and difficult 
to estimate. In comparison, marketing with the presented simplified optimization methods can generate higher 
revenues. The one-stage Perfect forecast method provides a theoretical potential of profit based on historical 
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data, resulting in the maximum revenues in Figure 11. The Virtual capacity price method takes into account 
the uncertainties of the requests in a simple way, providing a more realistic market potential with lower 
revenues. 

4. Conclusion 
The results of the case study demonstrate that the developed methods manage the coupled marketing of a 
distributed energy system on the day-ahead and balancing power market in a simplified way. For the methods, 
historical data can be used to determine reasonable values for energy price bids and virtual capacity prices by 
considering the marginal cost of the corresponding unit. 

The disadvantages of the simplified methods are caused by the complexity reduction of the market side. In 
reality, market participation leads to a sequential decision-making process that is not modeled in detail. 
Accordingly, it is not possible to compute optimal bidding strategies taking into account uncertainties, as is the 
case by using common multi-level stochastic programming approaches. 

However, the main advantage of the methods is the low complexity, compared to e.g. stochastic optimization, 
leading to a high user-friendliness with an easy integration into possibly existing dispatching procedures. The 
methods can additionally be used for strategic planning to quickly estimate the economic value for different 
flexibel capcities in the energy system in case of a market participation, as seen in the case study. These 
evaluations are of interest to companies planning to enter a specific market. In particular, as more and more 
small players enter the market in the context of the energy transition who do not have the capacity to apply 
multi-level stochastic programming methods, the demand for user-friendly, simplified methods is increasing. 
However, the developed methods must be extended in the future for the complete short-term electricity market. 
For this purpose, the opportunity of intraday trading must be taken into account at d-1. 
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Abstract: 

The current building stock is responsible for a large part of the final energy consumption in Europe and most 
of it presents the greatest potential for energy savings. One of the most important steps in the retrofitting 
process is to understand its pre-retrofitting stage energy performance, and the building energy simulation 
(BES) models can play a significant role in that sense. In this paper, a building case study has been monitored 
during a whole year. A methodology has been developed specifically for the pre-processing procedure of the 
building monitored data. Then, based on the available detailed building drawings, building operational data 
and the data sets obtained after data calibration, a first approach of a BES model is carried out. In addition, 
some window samples have been tested in the Laboratory of Building Quality Control of the Basque 
Government to measure their thermal transmittance. These samples will be introduced in the BES model in 
future works, to evaluate the reduction in heating demand after the windows replacement. A sensibility analysis 
of the recorded data justifies their good quality. In consequence, the accumulated heating energy supplied by 
the boiler reaches a value of 44.05 MWh in the monitored year and the total electric energy consumption is 
16.71 MWh. 

Keywords: 

Building energy simulation model; data pre-processing; energy retrofitting; thermal transmittance calculation. 

1. Introduction 
This paper is developed under the scope of the AGORA project, founded by Next Generation EU. The project 
aims to bring to the market a holistic smart solution capable of promoting more sustainable energy and water 
consumption from producer to final consumer. The tool developed will be tested in some pilot buildings, such 
as the Faculty of Nursing and Health Science “Building 2” of the University of Burgos in Spain.  

In recent years, building energy simulation (BES) is playing a significant role for designing and optimising 
buildings, but also for pre-rehabilitation procedures. A high level of accuracy in BES results can only be 
achieved through optimization of three factors as determined by Waltz [1]: (1) an intimate understanding of the 
simulation tool; (2) an intimate understanding of the building to be simulated and (3) a careful analysis and 
critique of output data. In their research, [2] presented a critical review of data-driven methods for BES 
modelling and their practical applications for improving building performance. The paper focuses on methods 
based on larger datasets and demonstrates that the insights obtained from big building data can be extremely 
helpful for enriching the existing knowledge repository regarding building energy modelling. However, [3] 
determined that due to the complexity of the built environment and the prevalence of large numbers of 
independent interacting variables, it is difficult to achieve an accurate representation of real-world building 
operation. The difference between measured and calculated energy consumption is known as the “energy 
performance gap” and reducing this gap is an important task to provide confidence in the models for evaluating 
energy efficiency. Therefore, calibrating the BES model by reducing discrepancies between model outputs 
with measured data is a key process to achieve more accurate and reliable results.  

In their work [4] focus on reducing the technical issues which are one of the main causes of the energy 
performance gap, e.g., poorly adjusted thermal parameters in the envelope, inefficient boiler operation or lack 
of adjustment in parameters of heat pumps, baseboard radiators or air handling units, etc.  As a result of the 
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calibration process, they obtained a whole building calibrated BES model that considers the building’s 
envelope behaviour and incorporates into the simulation the detailed behaviour of its HVAC systems. 

Other researchers like [5] proposed a systematic feature-selection procedure for developing the BES model 
which integrates a statistical analysis, apart from building physics and engineering experiences. This includes 
data pre-processing based on domain knowledge, implementation of filter methods to remove irrelevant and 
redundant data and feature grouping through wrapper method to search for the best feature set. In the building 
context, [6] points out that data pre-processing can be very challenging considering the relatively poor data 
quality and the intrinsic complexity of building operations. A review done by [7] considers existing case studies 
and methods for calibrating whole building energy models related to measured data. This research describes 
a systematic, evidence-based methodology to calibrate these models. In terms of data-driven methods, [8] 
presented a review of data-driven building energy consumption prediction studies with a particular focus on 
scopes of prediction, data properties and data pre-processing methods used, among others.  

A new method was developed by [9] involving dynamic simulation and on-site measurements aiming to 
evaluate refurbishment solutions for a historical building. The authors demonstrate how a specific calibration 
of the dynamic model using only indoor temperature measurements can overcome the problem of in situ 
measurements of thermal parameters (U-values). In this field, there exist some standardized methods to 
determine the thermal resistance and thermal transmittance of different building components. Several research 
studies ([10], [11]) have been carried out to analyse and compare different approaches to thermal 
transmittance measurements, which pay particular attention to the hot box method. 

2. Objectives 
This paper analyses and models the energy performance of a real pilot building based on available sensor 
data. A specific data pre-processing approach is developed and applied to obtain clean and useful data to 
interpret and apply into a BES model by using the DesignBuilder software.  

The case study is related to an academic in-use building located in Burgos, Spain, described in detail in section 
4. The building was retrofitted some years ago and the effect of the windows replacement over the heating 
demand wants to be tested. In collaboration with the Laboratory of Building Quality Control (LBQC) of the 
Basque Government, some window samples have been characterized under standard rules. The obtained 
thermal transmittance of the windows is used to characterize the BES model. 

According to [3], an accurate calibration process relies on the importance of occupant behaviour as well as the 
need for instrumentation to monitor its behaviour. For that reason, as the occupant behaviour is not been 
currently controlled in the pilot building, the calibration process will be addressed in future work. However, this 
article describes the first steps to achieve a calibrated BES model. 

3. Methodology 
The methodology described in this section is applied in the case study presented in Section 4, following the 
similar calibration procedures found in the literature and divided into two main actions: 

▪ On the one hand, the monitored data of the building is acquired and subsequently processed to implement 
it into a BES model. Therefore, the building has been modelled using the DesignBuilder software to carry 
out an energy performance simulation. 

▪ On the other hand, a set of window samples were tested in the laboratory and characterized through their 
performance in a guarded hot box. As a result, the real heat transmission coefficient (U-value) of these 
windows was accurately determined. The process and samples are described in detail in Section 3.3. 

3.1. Monitoring system 

An advanced monitoring system was installed in the case study building (see Section 4) whose data were 
available from the 1st of May 2021 to the 31st of May 2022 and have been registered on a sub-hourly basis. 
Unfortunately, and due to technical problems, not all monitored parameters have been recorded during some 
time periods, so some blackouts have been identified and discussed in more detail in Section 3.2. Monitored 
variables are classified into outdoor conditions, indoor conditions, and general consumptions (including lighting 
and heating consumptions). 

▪ Outdoor conditions gather two measured parameters obtained from the weather station in the adjoining 
building: outdoor ambient temperature (ºC) and relative humidity (%). These variables are used to calibrate 
the climate data file for the BES model. 

▪ Indoor conditions are composed of three parameters: indoor temperature (ºC), relative humidity (%) and 
CO2 concentration (ppm). The monitoring system consists of THERMOKON WRF04-CO2-RH-LON 
sensors located in each room (see Figure 1). These parameters are used to compare BES results. 

▪ Heating consumption is monitored by a KAMSTRUP MULTICAL 602, which is a thermal energy meter 
connected to a KAMSTRUP ULTRAFLOW 54 flowmeter monitoring the return water volumetric flow (m3/h). 
The MULTICAL 602 also receives the monitored temperature of the delivery and return circulating water 



(ºC) via two Pt500. The monitoring system calculates energy based on the EN 1434-1:2007 formula, in 
which the international temperature scale from 1990 (ITS-90) and the pressure definition of 16 bar is used. 
The energy calculation can in a simplified way be expressed as indicated in Eq. (1): 

Et[𝑊ℎ] = Vwa[m3] · 𝑘𝑤𝑎 [
𝑊ℎ

𝑚3·𝐾
] · (𝜃𝑖𝑛𝑙𝑒𝑡[𝐾] − 𝜃𝑜𝑢𝑡𝑙𝑒𝑡[𝐾]) (1)  

where k is the thermal coefficient of water which is a function of the properties of the energy-conveying 
liquid at the relevant temperatures and pressure. The calculated energy is registered in Wh units and 
expressed as accumulated energy. These parameters are used to compare BES results and to define 
heating schedules. 

▪ Lighting consumptions are monitored with eight NICO 8101L clamp ammeters that monitor two electrical 
parameters: current (A) and accumulated electrical energy consumption (Wh). One of them is located in 
the boiler and the rest are in each room1. These parameters are also used to compare BES results, as well 
as to define lighting schedules. 

Figure 1 depicts the sensors installed in the building. 

 

Figure 1. Distribution of monitoring devices within the building. 

3.2. Data analysis 

This section describes the initial data calibration procedure after collecting them.  

3.2.1. Data pre-processing 

Data pre-processing is an essential part of any data-driven BES model. This process, according to [12], aims 
to detect the outliers (i.e., any incorrect or outlier data) that may distort the results. As explained by [8], data 
pre-processing may include data cleaning, data integration and data transformation. 

3.2.1.1. Data cleaning  

Data cleaning is defined by [8] as the process of detecting and correcting the incomplete, incorrect, inaccurate, 
irrelevant and/or noisy parts of the data.  

To begin with, a specific cleaning procedure was developed by using different filters on the raw data files. This 
step aims to correct the effect of outliers, e.g., taking away noisy data and detecting resets in the accumulated 
energy register. 

For the particular case of the monitored energy, the heating energy from the boiler and the lighting energy at 
each time step has been calculated as expressed in Eq. (2): 

 

 
1 Note: data are not available for Demonstration Room III. 



𝐸𝑡[𝑊ℎ] =Δ𝐸𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟(𝑡) − Δ𝐸𝑟𝑒𝑔𝑖𝑠𝑡𝑒𝑟(𝑡 − 1) (2)  

Besides, for the particular case of outdoor conditions, the registered data were cumulated or averaged, 
respectively, in periods of 30 minutes, to make them coincident with the minimum simulation time interval 
allowed by DesignBuilder. After that, hourly, monthly and annual data were also obtained. Unfortunately, the 
monitored outdoor data was incomplete since the data for some periods were not available due to technical 
problems and were considered as blackouts. Nevertheless, the observed lack of data does not affect the 
results since they last few hours during the monitored year, and only on four occasions, the interruption period 
affects two or more consecutive days, as indicated in Figure 2. This process for the identification of blackouts 
has been repeated for each variable and then superimposed on the annual calendar, and as a result, it has 
been seen that the interruption periods coincide for all the variables recorded. 

 

Figure 2. Identification of blackouts on the monitored data during one year. 

The period of study covers a whole year from June 2021 to end of May 2022, in order to avoid blackouts 
detected in May of 2021. 

3.2.1.2. Data integration  

According to [8], data integration is the process of combining multiple data from different sources. Therefore, 
since the variables recorded by each sensor were stored in different monthly files, an essential task was to 
unify the data in an annual one. 

In this work, the blackouts detected in the outdoor conditions file (see Figure 2) were substituted with hourly 
data taken from Meteostat. To verify the suitability of the Meteostat data, three days on which monitored data 
were available were randomly selected and compared with the Meteostat data from those days. The results 
obtained for temperature and relative humidity show minor differences, as shown in Figure 3, so the Meteostat 
data have been justified as suitable. 

 

Figure 3.  Comparison between meteorological data from Meteostat and monitoring data considering outdoor 
temperature (a) and relative humidity (b). 

3.2.1.3. Data transformation 

As mentioned by [8], data transformation is the process of transforming the data into the required format. Data 
transformation may include normalization, smoothing, aggregation/ disaggregation, and/or generalization of 
the data.  

In this case, in order to compare the analysis with simulation results, data collected on a minute basis (apart 
from the previous outdoor conditions data) were averaged and/or cumulated in 30-minute intervals and then 
hourly data were obtained. However, inasmuch as the data were not homogenously registered (i.e. the time 
interval between timestamps was not constant) it required further treatment. Fortunately, it was identified that 
the time-step took values multiples of five in the vast majority of the cases, so, the original data series were 
converted into 5 minutes step values. For this purpose, the variables have been considered to remain constant 
between each timestamp. After that, a method based on an analogy with a linear equation has been applied 



in order to obtain average values for sub-hourly, hourly, daily and monthly data series. All the intensive 
variables have been calculated as averages, but the energy-related parameters, which are the extensive ones, 
have been calculated as a sum of the values registered within each interval. 

Once the database consists of hourly average series and blackouts are fulfilled, the files are prepared for 
implementation in future work. As an example, the specific case of the outdoor conditions file requires adapting 
the format to DesignBuilder software. This software operates with EnergyPlus Weather File (EPW) format and 
integrates a Climate Data File Processor allowing the user to convert an EPW file into another type. Therefore, 
in this case, the data file was converted into a CSV file, to substitute the “default input data” with the monitored 
registered data. Another option is to calculate the heating days (HD) during the simulation period according to 
monitored data and implement the annual values in DesignBuilder, without modifying the standard climate 
data file. 

3.2.2. Data interpretation 

After the data pre-processing, the obtained data needs to be interpreted. This process aims to extract useful 
information from the monitored variables such as operational schedules, occupation schedules and input 
parameters for modelling the BES model. The more reliable information is obtained, the more input data and 
model parameters will be available and the higher the accuracy of the calibration will be [13]. Once the data 
files are correctly organized, operational periods of the building during the year must be established. Then, a 
typical sub-operational period has been chosen for each season defined in the previous step. The results of 
the monitoring demonstrate that there are weekly patterns which are repeated during the academic course, so 
typical weeks were defined for each month to obtain operational schedules of the heating system and lighting 
system.  

3.3. Thermal characterization of windows  

As is already said, the Laboratory of Control Quality of Buildings (LCQB) of the Basque Government deals 
with, among others, the characterization of building components to research new construction solutions and 
enhance the thermal performance of the active and passive systems. Because of that, some windows were 
tested in order to further implement them in building refurbishment, as can be in the building of this case study. 

One of the objectives of future work is to analyse the increase in the efficiency of the building after changing 
the windows, according to the simulation results. Therefore, in order to describe their thermal behaviour, the 
most important parameter is the thermal transmittance (U). In this work, the method described by UNE-EN 
ISO 12567-1 of the hot box method was implemented in the LCQB to characterize the thermal transmittance 
of the studied windows. 

3.3.1. Guarded hot box Method 

This test method is carried out under UNE-EN ISO 12567-1:2011 to determine the thermal transmittance of 
doors and windows. Based on the UNE standard, a sample solution is located between two different spaces 
called chambers (see Figure 4): the hot chamber where the measurement box is located, and the cold 
chamber, which is used to simulate the exterior conditions, as [11] explained in their work. Therefore, there is 
a heating system on the hot chamber and a cooling system on the cold one to create a temperature difference 
(normally 20ºC). Then, by measuring the temperature difference and the heat flow passing through the sample, 
the thermal resistance of the window can be calculated. Once there is a steady-state condition in both 
chambers, the heat flow inside the chamber equals the heat input required to keep the hot side at a constant 
temperature [11]. 

In this work, U-values from four different windows are measured thanks to the guarded hot box tests developed 
in the LQCB, where the temperature difference between the hot and cold chambers is 20ºC and the average 
temperature of the sample is 10ºC. Multiple sensors are located in the sample, the chamber and the sample 
holder (frame). The employed metering chamber has a section of 1.63 x 1.88 m2 while the normalized size of 
the samples is 1.23 x 1.48 m2, with a sample holder of 1.63 x 1.88 m2 (see Figure 4). 

 

Figure 4. Chambers scheme of the guarded hot box employed for window testing. Source: Building Quality 
Control Laboratory of the Basque Country. 



The measured thermal transmittance (Um) of the window system is calculated according to the standard UNE-
EN ISO 12537-1:2002 with Eq. (3). 

𝑈𝑚 (
𝑊

𝑚2 · 𝐾
) =

Ф (𝑊)

𝐴 (𝑚2)

𝜃𝑛𝑖 − 𝜃𝑛𝑒(𝐾)
 (3)  

This measured Um, must be corrected in order to obtain the normalized thermal transmittance Uw. Therefore, 
it is necessary to include the thermal resistances of inner and outer surfaces, see Figure 5 and Eq. (4). The 
normalized value of R(s,t)st takes a value of 0.17 (m2·K)/W in Europe. 

𝑈𝑤 (
𝑊

𝑚2 · 𝐾
) =

1
1

𝑈𝑚
− 𝑅𝑠,𝑡 + 𝑅(𝑠,𝑡)𝑠𝑡

 (4)  

 

Figure 5. Thermal resistances characterization. Source: Building Quality Control Laboratory of the Basque 
Country. 

3.3.2. Tested windows 

Since the thermal properties of building envelope systems significantly alter the overall energy performance of 
buildings, so these properties must be accurately determined. In this case, the building façade was previously 
refurbished so special attention will be paid to the windows replacement. Additionally, four glazing systems 
have been selected from the experimental test. The normalized thermal transmittance (Uw) determined during 
those tests is shown in Table 1 for each glazing system illustrated in Figure 6. 

Table 1. Features of the glazing systems with a dimension of 1.23 m x 1.48 m. 

Window Glazing composition Uw, W/(m2·K) Profile Shutter box 

TW-0412-50 4+4 / CAM 16 argon / 3+3 1.38 ± 0.07 PVC PVC isolated with EPS,  

e = 1.5 cm 

TW-0412-48 4+4 / CAM 16 air / 6 1.55 ± 0.08 PVC with aluminium 
reinforcement 

- 

TW-0412-7 Fixed sash: 3+3 / CAM 10 air / 4+4  

Tit-and-turn sash: 4+4 / CAM 12 air / 4 

3,07 ± 0.16 Aluminium, e = 14 cm PVC, 1.22 m x 0.185 m, 
e = 18.5 cm 

TW-0412-21 Fixed sash and casement sash: 4+4 / CAM 
15 air / 10 

3.14 ± 0.16 Lacquered aluminium, 
e = 12.8 cm 

- 

 

    

Figure 6. Tested samples of (a) TW-01412-50, (b) TW-0412-48, (c) TW-0412-7 and (d) TW-0412-21. 

3.4. Building energy simulation model 

To initiate the calibration of the BES model, different data sources have been used such as monitoring, building 
and construction detail drawings and personal audits. As a result, operational periods and schedules have 
been obtained for their implementation in the BES model. This includes heating and lighting schedules, 
weather data and also tested thermal transmittance values. Natural ventilation has not been considered. 



Thermal zones have been determined by considering use and conditioning characteristics, so in this case, 
each room is taken as an individual thermal zone. 

The envelope features have been modelled accurately by considering U-values calculated theoretically during 
walk-through audits. In the case of windows, the U-value determined during the guarded hot box method has 
been used. 

PV modules have been integrated into façades and roofs as shown in the building drawings and modelled with 
a constant 15% efficiency. 

4. Case study 
The proposed methodology is applied to a single-floor occupied building, in particular, Building 2 of the Faculty 
of Nursing and Health Science of the University of Burgos, located in the city of Burgos in Spain (characterized 
by a moderate continental climate). The building has an academic use, so the occupation is related to the 
academic schedule and calendar, but in reality, it varies greatly from the expected occupancy. This building is 
a former Military Hospital built in 1880 with a single rectangular floor of 545.49 m2, composed of five classrooms 
and two bathrooms, connected by a longitudinal corridor (see Figure 7). Over the years, the building has faced 
different rehabilitations and after the last one, two façade solutions were installed above the original wall. Table 
2, Table 3 and Table 4 show the main construction and thermal characteristics of the building envelope. 

The ventilated façade is predominant above the others, only in the Boiler Room have remained the original 
walls of the building. The non-ventilated panels have a total width of 2.3 m and have been installed between 
windows. The South orientation contains integrated photovoltaic modules and some ventilated PV modules 
have been integrated into the westernmost part of the South façade. 

 
Figure 7.  Indoor distribution of Building 2. 

 

Table 2. Dimensions of building and envelope components. 

Number of floors 1 

Overhang height 5.15 to 5.31 m 

Ridge height 7.70 m (approx.) 

Constructed surface 545.49 m2 

Conditioned surface 431.39 m2 

Total façade surface 789.77 m2; 752.22 m2 (without openings) 

East façade area 43.35 m2; 40.55 m2 (without openings) 

West façade area 23.83 + 15.64 = 39.47 m2; 38.81 m2 (without openings) 

South façade area 323.19 + 21.62 = 344.81 m2; 295.27 + 18.59 = 313.86 m2 (without openings) 

North façade area 337.43 + 21.71 = 359.14 m2; 311.61 + 20.39 = 332.00 m2 (without openings) 

Total openings surface 64.55 m2 

% openings east façade 2.80 m2; 6,46% 

% openings west façade 0.66 m2; 1.67% 

% openings south façade 30.95 m2; 8.98% 

% openings north façade 27.14 m2; 7.56% 

Roof area on the ground floor 623.51 m2 (approx.) 

Roof inclination 28º (approx.). 

 

  



Table 3. Composition and thermal characteristics of the different layers of the opaque envelope. 

Original wall Masonry load-bearing wall, e = 62 cm 

Garnishing and plastering of gypsum, e = 1.5 cm 

U = 1.40 W/(m2·K) 

Ventilated façade (ULMA) 

 

Mineral wool, e = 5 cm 

Air chamber, e = 15 cm 

Polymer concrete cladding, e = 3 cm 

U = 0.518 W/(m2·K) 

Separation between ULMA and STAM panels Aluminium sheet, e = 0.2 cm  

Non-ventilated façade (STAM) Mineral wool, e = 15 cm 

EPS, e = 5 cm 

Polymer concrete panel, e = 3 cm 

U = 0.166 W/(m2·K) * 

Metallic panel (SOLARWALL) Mineral wool, e = 5 cm 

Air chamber, e = 15 cm 

Metallic cladding, e = 3 cm 

U = 0.42 W/(m2·K) * 

*Estimated with DesignBuilder in function of selected material and thickness 

Table 4. Composition and heat transmission coefficient value (U) of opaque envelope and openings.  

Roof composition Mixed trusses (metal and wood) 

Pine wood decking 800x150mm, e = 2.5 cm 

Ceramic flat tile of baked clay. Double side and upper lace 

U = 2.40 W/(m2·K) 

False ceiling Mineral wool rigid panel, e = 8 cm 

Smooth laminated plasterboard (accessible roof) 60x60 cm, e = 1.5 cm 

Slab composition Metal beam, ceramic vault, compression layer + mesh 

U = 2.10 W/(m2·K) 

Non-slip laminate flooring High density fibreboard, e = 1.25 cm 

Window type Wooden pre-frame 70 mm x 50 mm 

Mixed carpentry. PVC profiles and Wood finished.  

Exterior double low-e glass 4+12+6 mm 

Aluminium sheet in window perimeter trims and lower closure in ventilated façade, e = 0.2 cm 

U = 2.20 W/(m2·K)  

 
Regarding the thermal facilities, the building has two high-efficiency condensing gas boilers Remeha 65 PRO 
of 61 kW each, which supply heat through two independent circuits, both to Building 2 and to adjoining Building 
3, in which another European project is being developed. The thermal demand only corresponds to the heating 
system, neither cooling nor DHW systems are operating in the building.  

Referring to electricity generation, there are also photovoltaic panels as mentioned before. The PV installation 
is divided into three systems, independently connected to three inverters as indicated in Table 5. Besides, the 
lighting of the entire pavilion is composed of 2x32 W fluorescent lamps with a protection box at the entrance.  

Table 5. Characterization of the PV system. 

PV characteristics Ventilated façade (ULMA) Non-ventilated façade (STAM) Roof (SOLARWALL) Complete System 

Power, kWp 4.95 4.16 4.42 13.53 

PV module model VS21 C24 P99 SPS istem 260P plus SPS istem 260P plus - 

Nº modules 50 16 17 83 

Azimuth / Inclination -26º / 90º -26º / 90º -26º / 28º - 

Occupied area, m2 41.3 26.1 27.7 95.1 

Inverter model Sunny Boy 3.6 Sunny 3.6 Sunny Boy 4.0 - 

Inverter Power, kWAC 3.6 3.6 4.0 - 

5. Results 
In this section, the analysed data are interpreted and the preliminary BES model is depicted, which will be fully 
calibrated in future research. The results of the methodology described in Section 3 are presented below. 

From the data analysis, hourly average data and monthly and annual averages were obtained. Besides, 
operational schedules for heating and lighting systems have also been obtained. 

The monitoring of the heating system during June 2021 and May 2022 shows a standard distribution of the 
heating demand according to the Burgos climate zone. As observed in Figure 8, higher heating demands 



correspond to the cold period from November to April and lower heating demands are required in September, 
October and May. Summer months from May to the last of August represent a non-heating period. The 
accumulated heating energy supplied by the boiler reaches a value of 44.05 MWh in the monitored year, which 
means an average supply of 80.82 kWh/m2·year. 

Due to the academic use of the building, the operational schedules of heating and lighting systems have a 
weekly basis and vary according to the academic timetable and calendar. Four typical weeks were selected, 
see Figure 9. The heating system operates in a defined time period from Monday to Friday, being off during 
weekends and holidays. 

 

Figure 8. Annual distribution of heating energy attending to the measured data in the monitored period from 
June 2021 to May 2022. 
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Figure 9. Typical week selected for calibrating the operational schedule of the heating system. 

As appreciated in Figure 9, the highest recorded energy data correspond to the “start-up” of the heating 
systems during the morning and decrease during the day as external and internal gains increase. The boiler 
charge varies during the day according to the indoor conditions, see Figure 10.  

In contrast to the heating system, there does not seem to be a clear operating pattern for the lighting system. 
This is due to a presence sensor in the building, as well as the variability in the occupancy period of the different 
classrooms. However, it has been identified that the auxiliary energy required by the building and its equipment 
is around 100 Wh with an electric current of 2 A. The total energy consumption measured in the building in the 
monitored period is 16.71 MWh and an average of 30.66 kWh/m2·year, being gathered in Table 6 the data 
classified by zones. 
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Figure 10. Typical days selected for calibrating the operational schedule of the heating system. 

Table 6. Electrical energy consumption classified by zones in the period from June 2021 to May 2022. 

Classroom 1 

2556.15 kWh/year 

21.92 kWh/m2·year 

213.01 kWh/month 

15.30% 

Classroom 2 

6762.37 kWh/year 

125.30 kWh/m2·year 

563.53 kWh/month 

40.47% 

Toilets (right) 

3099.57 kWh/year 

108.41 kWh/m2·year 

258.30 kWh/month 

18.55% 

Toilets (left) 

671.41 kWh/year 

28.71 kWh/m2·year 

55.95 kWh/month 

4.02% 

Demonstration room I 

926.11 kWh/year 

17.56 kWh/m2·year 

77.18 kWh/month 

5.54% 

Demonstration room II 

125.59 kWh/year 

2.39 kWh/m2·year 

10.47 kWh/month 

0.75% 

Corridor 

1261.96 kWh/year 

22.16 kWh/m2·year 

105.16 kWh/month 

7.55% 

Boiler room 

1307.05 kWh/year 

30.17 kWh/m2·year 

108.92 kWh/month 

7.82% 

From the data shown in Table 6, it can be interpreted that a large part of the teaching activity in the building 
takes place in Classroom 2 and that most of the occupants of the building are women since the women’s toilet 
(right) has a higher annual electricity consumption. The building has been modelled in DesignBuilder according 
to constructive detail drawings and walk-through audits as shown in Figure 11. 

 

 

 

 
Figure 11. Visualization of building model created in DesignBuilder according to constructive details. 



6. Conclusions and discussion of results 
A data calibration process has been developed in this paper and deployed to implement it in a BES model 
calibration of Building 2 of the Faculty of Nursing and Health Science of the University of Burgos. It is necessary 
to define a specific methodology to accurately calibrate the monitored data. Including experimentally tested 
thermal transmittance values reduce uncertainties and, thus, also the energy performance gap of the BES 
model. In this study, the available monitoring data have been pre-processed and accurately prepared for 
implementing them into the BES model, so these data are used in the whole model calibration procedure. In 
this first part of the research, data have first been used to better understand the in-use operational schedule 
of the building. In addition, some of the monitored variables have been implemented as inputs to the model 
and others as outputs to verify the accuracy of the model calibration in future research.  

The more complex step consists on the data pre-processing, including data cleaning and transformation, where 
a specific and accurate methodology was developed for the case study, in order to obtain averaged hourly 
data for the model calibration. In this sense, it must be highlighted that a whole year monitoring period has 
been used during this work, which means a more complex analysis process, but it also provides a more 
accurate BES calibrated model. 

After the previous analysis, the BES model will be easily calibrated in further works. This calibrated BES model 
will encourage the estimation and prediction of reliable energy savings for different retrofitting scenarios of the 
building, such as this proposed for windows replacement. To fulfil the calibration of the model, occupancy 
schedules and density must be analysed from monitored data in order to implement reliable inputs in the BES 
model. 
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Nomenclature 
A surface of window sample, m2 
e thickness, cm 
E Energy, Wh 
k thermal coefficient, Wh/(m3·K) 
t timestamp, h 
Rs,t sum of the tested thermal resistances of the outer and inner surfaces, (m2·K)/W 
R(s,t)st sum of the normalized thermal resistances of the outer and inner surfaces, (m2·K)/W 
T Temperature, ºC 
U Thermal transmittance, W/(m2·K) 
V Volume, m3 

Greek symbols 
ΔE Accumulated energy, Wh 
Ф Heat flux through the test tube, W 
θ Temperature, K 
Subscripts and superscripts  
inlet delivery boiler circuit 
m measured 
ne cold side 
ni hot side 
outlet return boiler circuit 
t timestamp 
w window 
wa water 
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Abstract:
The recent geopolitical conflicts in Europe highlighted the sensibility of the current energy system to the volatil-
ity of energy carrier prices. In the prospect of defining robust energy system configurations to ensure energy
supply stability, it is necessary to understand which parameters modulate the system configuration. This paper
presents a framework that identifies a panel of technological solutions at the district level. First, a global sen-
sitivity analysis is performed on a mixed integer linear programming model which optimally size and operate
the system. The sensitivity analysis determines the most influential parameters of the model and provides a
representative sampling of the solution space. The latter is then clustered using a density-based algorithm to
identify typical solutions. Finally, the framework is applied to a suburban and residential Swiss neighborhood.
The main outcome of the research is the high sensitivity of the model to energy carrier prices. As a result, the
sampling space separates itself into two system types. The ones based on a natural gas boiler, and the ones
relying on a combination of electrical heater and heat pump. For both types, the electricity demand is either
fulfilled by PV panels or by electricity imports.

Keywords:
Mixed Integer Linear Programming (MILP), global sensitivity analysis (GSA), clustering, district energy system
(DES), solution space sampling

1. Introduction
1.1. Background
The energy transition presents itself as one of the main levers to mitigate global warming as the energy sector
accounts for 73% of global emissions and is expected to increase over the coming decade [1]. Therefore,
developing a sustainable system requires careful energy planning from policymakers. In this prospect, energy
system models are essential tools for understanding and assessing the potential impact of new technologies
or policies.
The built environment, which accounted for 36% of final energy consumption in 2020 [2], is viewed as a
promising pathway to a sustainable energy mix. Moreover, distributed energy systems, such as those com-
posed of interconnected energy hubs, have great potential when deployed at the district scale, increasing
self-consumption, and mitigating grid congestion.

1.2. Literature review
1.2.1. Energy system modelling

Energy models play a crucial role in guiding decision-makers towards a fossil-free energy system. The de-
carbonization of the current system requires a profound restructuring and involves a deeper electrification [3].
Low-carbon technologies, such as solar and wind, are spreading rapidly and are expected to become the
main source of electric power [4, 5]. However, those renewable energies are intermittent and decentralized,
bringing new challenges such as redistribution of electricity, stabilization of the power grid, intra and inter-day
storage [6]. The multiplication of energy vectors, i.e., electricity, heat, oil, waste, biomass, or even hydrogen,
increases the complexity of the task to provide an optimal configuration and operation of the system. Con-
sequently, the majority of models focus on one specific energy sector (electricity, heat, mobility, etc.) and do
not account for cross-sectoral synergy [7]. Additionally, on a more general aspect, the scale of the system
can vary from a single building to an entire country. Whether or not, energy subsystems are considered in the
overall scale of the system, e.g., interconnected buildings to represent a district system or the regionalisation
of a country-wide system.
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Buildings archetypes have been widely used to define large-scale systems [8] as their emissions have dou-
bled in the last 30 years [4]. Kotzur and al. [9] developed a bottom-up model based on residential building
stock. They deployed an aggregation algorithm to define archetype buildings. Their configuration and oper-
ation, which includes the buildings’ interaction, are then optimized to acquire cost-effective solutions. Stadler
and al. [10] assessed the impact of model predictive control (MPC) on the Swiss building stock. Three typical
buildings were defined, each having 9 variations based on their construction date. The deployment of MPC
allowed the reduction of the operational expenditure (OPEX) as well as the increase of the self-consumption.
This result emphasizes the importance of the interconnection and operation improvement of building energy
system.

In this regard, the design and operation of interconnected distributed energy systems, such as buildings, have
proven to be part of the solution to help improve sustainable development in many countries [11–14]. The
distributed aspect of such systems comes from the interconnection of multiple energy sources. Those sources
can be energy hubs linked by local multi-energy grids. As discussed in the review of district-scale energy
systems by Allgerini and al. [15], there has been a significant improvement in the models and tools used to
analyze such systems.

In their paper, Morvaj and al. [16] performed an optimization of an urban scale energy system composed of
twelve buildings. For each building, an optimal design and operation have been identified and the district heat-
ing network associated was optimized to reduce greenhouse gas (GHG) emissions and the total expenditure
(TOTEX). Maroufmashat and al. [17] highlighted the importance of considering multiple energy hubs in order
to observe significant cost and GHG emissions reduction. Their case study showed that the implementation of
distributed combined heat and power (CHP) units was limited while operating an electricity grid with low CO2
emissions. Additionally, the operation of interconnected energy hubs can significantly increase the robustness
of the power grid, e.g. mitigation of congestion and ensuring reliability.

1.2.2. Global Sensitivity Analysis

Most current models assume a perfect knowledge of the input parameters, which induces the absence of un-
certainty in the model and characterizes them as deterministic [12]. However, there is some uncertainty in
a number of areas, including current policy, renewable energy production, and economic trends. Therefore,
specific models are developed to consider the uncertainty of input parameters: stochastic models. However,
it might be complicated to transform a deterministic model into a stochastic one without major remodeling. An
alternative is the application of sensitivity analysis (SA) to deterministic models as proposed in [18,19].

The utilization of sensitivity analysis is an effective approach to evaluate the impact of input parameters on a
model. There exist two main types of SA: local and global. The most common method is the local sensitivity
analysis, which evaluates the sensitivity by computing partial derivatives and gradients. Even though its ease
of implementation makes it popular, the sampling scheme does not scan the entire space of input parameters.
This gap is filled by the global sensitivity analysis (GSA), which covers the sampling space by varying several
parameters at once. In doing so, it can capture parameters interaction [20].

The review of the SA method for building energy systems performed by Tian and al. [21] emphasized the
importance of choosing the right method. They concluded that the choice should be based on the following
criteria: research purpose, computational cost of energy models, number of input variables, and familiarity with
the methods. Another review was performed by Westermann and Evins [22], 57 studies on building design
were analyzed, focusing on objective, sampling strategy, and surrogate model type. Among all studies only 16
included a SA of the model, their sampling strategies were primarily based on Latin hypercube sampling (LHS),
and only 3 used an optimization model, highlighting the low implementation of SA in optimization models.

A two-stage GSA framework has been used in several studies [18,19,23]. Their goal is diverse, from assessing
the uncertainty, and sensitivity of the system, or to explore the multidimensional design space, but the applied
framework stays the same. First, a screening method filters out non-influential parameters to reduce the com-
putational cost of further model evaluations. It is then combined with a Sobol sequence to obtain a proper
sampling of the solution space for the final sensitivity analysis.

1.3. Gaps and contribution
As emphasized throughout subsection 1.2., the literature lacks an application of distributed energy systems as
energy hub in large-scale energy system optimization. The role of districts as renewable energy hubs can be
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central in the optimization of a carbon-neutral national energy system as the operation of energy fluxes can
help considerably improve the thermo-efficiency of the system. In this prospect, the proposed configurations
should represent at best the district’s solution space. This paper attends to provide a framework to identify
a set of optimal district configurations. The framework consists of a two-step GSA on a district-wide energy
system model to explore its solution space. The latter will then be aggregated to identify typical configurations.
The purpose of this paper is to contribute to the following research points:

• Identification of the most influential parameters.

• Exploration of the solution space.

• Identification of typical configurations.

2. Methodology
2.1. Global sensitivity analysis
2.1.1. Overview

In order to develop a panel of solutions for the district, it is necessary to explore the whole solution space of
the model. The following methodology is inspired by the publication of Saltelli and al. [20] which assesses the
state-of-the-art of GSA. A sensitivity analysis can be decomposed into four main steps:

1. Identification: k input parameters of the model are selected

2. Sampling: the input parameters space is discretized by N samples

3. Evaluation: the model outputs are computed for each sample

4. Comparison: some metrics are derived from the N outputs of the model for the k parameters

The methodology used consists of two separate SAs:

1. A screening method is performed to identify the most influential factor of the model, i.e. the parameters
inducing the greatest variation of the objective function.

2. A variance-based method is used to efficiently explore the solution space of the model and quantify its
sensitivity.

Full set of input 
parameters

Morris screening 
method Subset of input 

parameters

Variance-based 
Sobol method

Figure 1: Scheme of the two-step GSA composed of first the Morris method as a screening and then the Sobol
method is applied on the most influential parameters previously identified.

2.1.2. Morris screening

The screening method used is the Morris method, which allows to qualitatively compare the influence on
the model output of a large number of parameters with a few evaluations [24]. The method discretizes the
input parameters space, which is a k -dimensional hypercube, into a p-level grid, where k is the number of
independent input parameters and p is a sampling parameter. Afterward, it performs a one-step-at-the-time
method (OAT), i.e. it randomly modifies one input parameter by ±∆ to generate r trajectories.
Finally, it evaluates the elementary effect of the ith input parameter (EEi ) as a function of the model output
Y = f (X1, ..., Xn), see Equation 1. The EE can be interpreted as a local partial derivative, thereby it represents
the sensitivity of the model at a specific point w.r.t the input parameter:
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EEi =
∂Y
∂xi

≃ Y (X1, X2, ... , Xi−1, Xi ±∆, ... Xk ) − Y (X1, X2, ... , Xk )
∆

(1)

Where ∆ is defined as a function of p: ∆ = p
2(p−1) and can be considered as the size of the discretization mesh.

The total number of model evaluations amounts to r (k+1), where r is suggested between 4-10 [20]. The choice
of p and r has to be made jointly to ensure that the k dimensions and their interactions are correctly sampled,
Saltelli proposed p = 4 and r = 10 [25] whereas Morris used r = 4 in [24], which seems to be the minimum
usable value.

In its original work, Morris proposed the computation of the mean µi (Equation 2) and standard deviation σi
(Equation 4) of the elementary effect distribution for each parameter i. However, by doing so, the positive and
negative effects cancel each other out, which would falsely influence the results of the mean value. Thereby,
the method has been improved by Campolongo and al. [26], by considering the absolute mean elementary
effect µ∗

i (Equation 3).

µi =
1
r

r∑
j=1

EE j
i (2)

µ∗
i =

1
r

r∑
j=1

|EE j
i | (3)

σ2
i =

1
r − 1

r∑
j=1

(
EE j

i − µi

)2
(4)

*  [-]

 [-
]

Zone 2
Zone 1
Zone 3
Zone 4
x=y

Figure 2: Identification of the typical zone on
the µ∗ − σ plane.

Those indicators allow to compare the input parameters be-
tween each other. A small absolute mean value means a
non-influential parameter. The standard deviation reflects
the interaction between parameters: a high value means
that the output is highly dependent on the sampling point,
i.e. on the other input parameters values. Conversely,
a low standard deviation indicates that the elementary ef-
fect is not subject to fluctuate with other factors varia-
tion.

The representation of the mean absolute value of the EEs and
their standard deviation makes it easy to identify to which group
the parameter belongs. As represented on Figure 2, one can
see the different zones and the line (x = y ) separating quadrant
1 that defines whether parameters interact together or not. The
different zones can be defined as follows:

1. Non-influential parameters.

2. Influential, non-interacting parameters.

3. Influential, interacting parameters.

4. Influential parameters.

The comparison of µ and µ∗ gives an extra insight in the monotony of the model. If the model output in-
creases with an augmentation of the parameter, the EE will stay positive thus µ∗ and µ will have a similar
value. Whereas, if the EE changes sign regularly its cumulative will be lower, i.e. µ will be lower than µ∗.

2.1.3. Sobol sampling

The Sobol method is a variance-based sensitivity analysis named after the mathematician Ilya M. Sobol. The
method is developed in [20, 27] and uses Sobol’s recommendation on the sequencing of quasi-random num-
bers. However, Saltelli extended her work in [28] to reduce the error rate when computing sensitivity indices.
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2.1.3.1 Sensitivity indices
The method evaluates two different sensitivity indices, the first one is the first-order sensitivity coefficient (Equa-
tion 5). It results from the ratio of the variance of the mean output, considering all parameters except the i-th,
to the variance of the output. The secondary sensitivity coefficient is the total effect index, i.e. first and higher-
order sensitivity coefficient (Equation 6).
Assuming: Y = f (X1, ..., Xn) is the model output, X∼i symbolizes all parameters but Xi , EX∼i (Y | Xi )
is the mean of Y for every possible X∼i and finally the variance VXi is calculated for all values of Xi .

Si =
VXi

(
EX∼i (Y | Xi )

)
V (Y )

(5)

STi =
EX∼i

(
VXi (Y | X∼i )

)
V (Y )

= 1 −
VX∼i

(
EXi (Y | X∼i )

)
V (Y )

(6)

The first-order coefficient only takes into account the effect of itself on the output value, but not the possible
effect when considering higher-order interactions with other parameters. The total-order index evaluates the
effect of a parameter considering all possible interactions with other parameters. Meaning that a parameter
with a value of ST = 0 can be considered as non-influential on the output Y . The total number of model evalua-
tions is N(k +2) with N being typically between 500 and 1000 and it is suggested to choose a power of two [20].

2.2. Clustering
2.2.1. Standardization and features selection

It is necessary to standardize the data when various features are used for clustering. Otherwise, the aggrega-
tion algorithm mainly takes into account the large numerical values. The chosen standardization technique is
the z-score, see Equation 7. Each feature Yi of the data set is standardized as follows:

Zi =
Yi − µi

σi
(7)

where µi is the mean and σi is the standard deviation of the feature Yi . The features selected for the cluster-
ing, i.e. the district characteristics, are a mix of economic and technical attributes of the optimization result.
The key performance indicators (KPI) chosen are capital and operational expenditure (CAPEX and OPEX).
Installed capacity of energy conversion and storage units are included in the clustering as they are key prop-
erties of the district configuration. Regarding the exchange with the network, the total and peak energy supply
and demand are considered for the natural gas (NG) and the electricity grid.

2.2.2. Aggregation techniques

Several aggregation techniques, such as K-means, DBSCAN, and HDBSCAN, performance are analyzed for
this specific clustering. The K-means method is a clustering technique that minimizes the variance within clus-
ters, which is a difficult problem to solve optimally. However, heuristic algorithms can be used to find a local
optimum efficiently. To determine the appropriate number of clusters for K-means, two common techniques
are the Silhouette score and the Elbow method. The Silhouette score evaluates how well each data point fits
within its assigned cluster, based on the density of points within the cluster and the distance between clusters.
The Elbow method involves observing the point of inflection on a plot of the sum of squared errors (SSE) as
the number of clusters increases.

Another assessed method is the DBSCAN, which is based on the concept of core points. Points are defined as
core points of one specific cluster when they can reach a minimum of minPts neighbours within a ϵ distance.
Additionally, points within reach, but not satisfying the minimum neighbours criterion still belong to the cluster.
However, points non-reachable from a core point are considered outliers. The choice of minPts and ϵ should
be based on the data properties [29].

The HDBSCAN algorithm is an extension of the DBSCAN method with a hierarchical approach. The algorithm
can be decomposed in a few steps to get a broad overview. First, the space is transformed based on its density.
This allows to construct a minimum spanning tree used to build the cluster hierarchy. Then, the cluster tree is
condensed to finally extract the clusters [30,31].
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To support the clustering task, a score is introduced to quantify the quality of the clusters. The chosen score
is the density-based clustering validation (DBCV) index presented by Moulavi and al. [32]. It is based on a pa-
rameterless core distance defined by the density of objects and mutual reachability. The index ranges between
-1 and 1, which represents a bad and a good score respectively.

2.3. Case study
The application of the presented framework is carried out on a suburban and residential district located in the
climatic zone of Geneva, Switzerland. The energy system consists of 15 buildings, including 5 single-family
houses and 10 apartment buildings [33], selected from a pool of 30 available options. Various characteristics
of the buildings, such as type, year of construction, energy reference area, and height, are obtained from the
cantonal and federal Official Building Registry [34,35], while the ground surface area is provided by the cantonal
administration [35, 36]. The climate data, solar irradiation, and temperature are extracted from Meteonorm
[37], and the characteristics of the building envelope are calculated following SIA norms 380/1 [38]. The
physical information gathered on the buildings allows to define the electric and heat demands based on a 1R1C
model detailed in [39]. The PV orientation is optimized based on roofs and façades information extracted from
Swisstopo [40,41], while the grid specifications and electricity demand are furnished by Romande Énergie [42].
The time series are divided into 10 typical periods formed of 24 hours and 2 extreme periods of 1 hour each,
resulting in a total of 242 different timesteps being considered. Various parameters are fixed during the problem
definition, including unit parameters, district parameters, and energy carrier price. More information on these
parameters can be found in [43].

3. Results and Discussions
3.1. Sensitivity analysis
The considered parameters for the screening step are energy conversion and storage units parameters as well
as the energy carriers prices. A total of 60 parameters were considered. Following the sampling indications
of Morris, 610 optimizations were required to compute the sensitivity metrics. As the result of each run is a
complete system configuration and operation, a specific output value had to be identified to compare each
optimization. The chosen indicator is the TOTEX, assuming an economically rational behaviour.
A good practice is to plot the absolute mean value (µ∗) and standard deviation (σ) of the EE distribution of
each input parameter, Figure 3 shows such a plane for the six most influential parameters. Two parameters
stand out from the rest: the supply cost of electricity and natural gas. The supply cost of electricity has a high
influence on the TOTEX, high µ∗, however, its standard deviation is low, indicating that its EE is not correlated
to the other input parameters. This low correlation comes from its key role in the district model. It serves
to directly supply the electric demand when no installed units can fulfill it and it can also serve to supply the
heat demand via HPs and electrical heaters. The retail price of NG is less influential as fewer units consider
natural gas as a resource. However, it can be considered as an influential parameter as a small price of NG
can help provide heat at a very low cost with a gas boiler. Note that the HP and boiler parameters are also
influential with a low standard deviation, highlighting that the technologies installation is not correlated to the
energy carriers prices.

Table 1 presents the Morris results of the aforementioned parameters. Comparing the absolute (µ∗) and non-
absolute (µ) mean value of EE shows the monotonic correlation between TOTEX and input parameters values,
e.g., an increase in electricity supply cost will always increase the TOTEX. Furthermore, the negative sign of
the mean EE of the electricity feed-in tariff indicates that it contributes to the reduction of TOTEX.

Table 1: Sobol’s indices, mean and absolute mean EE for retail and feed-in tariffs of energy carriers. The
sensitivity of the parameters for the Morris and Sobol approaches all trend in the same direction.

S1 STi µ∗ µ

Electricity retail tariff 0.86 0.91 93k 93k
Natural gas retail tariff 0.09 0.14 33k 33k
Electricity feed-in tariff 1e-4 6e-4 0.9k -0.9k

In order to reduce the computational time of the SA a selection of the input parameters was required. The de-
cision to focus on the energy carrier prices was based on obtained results and similar conclusions presented
in subsubsection 1.2.2..
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The input parameter space is explored with 2560 samples following recommendations presented in subsub-
section 1.2.2., p = 4, r = 10, and N = 512. The parameters variation range is ±50% for retail tariffs, as displayed
in Figure 4, and ±30% for the feed-in tariff. The sensitivity indices of the Sobol can be observed in Table 1
alongside Morris µ∗ values for comparison.
The Sobol results have a similar trend than the qualitative sensitivity indices from the Morris method. The
electricity feed-in tariff is less influential regarding Sobol’s results. Since the first-order Sobol effect and the
total effect have a similar value, the interaction between energy carrier prices is mainly of additive nature, ie.
S1 and STi are close. The retail tariff of electricity is much more influential than the NG tariff. One possible
explanation is that, as mentioned before, there is a greater amount of technology using electricity compared to
the NG. Therefore, a low electricity price can help to significantly reduce TOTEX, as both electricity and heat
demand can be met using electricity.

Figure 3: Morris analysis results on µ∗ − σ plane.

3.2. Typical configurations identification
First, a Silhouette score is calculated for various numbers of clusters to identify a range of potential optimal
values. The score decreases from 1 to 10 and then seems to stabilize, meaning that the optimal number of
clusters is k = 1. Whereas, for the Elbow method the inflection occurs in the range of k = 5 − 7. Finally, the
DBCV index is computed for the K-means clustering with k varying from 5 to 11 and the optimal number of
clusters appears to be around k = 10 with a score of -0.54.

The DBSCAN algorithm recognizes a total of 28 clusters and obtains a DBCV index of -0.12, which is signifi-
cantly better than the K-means DBCV indices. Regarding the HDBSCAN result, it obtains the best DBCV index
with a value of 0.04. However, it identifies 73 clusters, which is far from the initial estimation of k ≃ 10.

Looking more precisely at the size distribution of the DBSCAN clusters, one can remark that beyond the tenth
cluster, the size dropped abruptly. Indeed, the first ten clusters represent more than 90% of the data points,
corresponding to the approximated required number of clusters. Regarding the HDBSCAN distribution, there
was no sharp decrease in the cluster size. As a consequence, only data from the first ten DBSCAN clusters
were considered for further calculations.
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3.3. Presentation of the typical district configurations
3.3.1. Distribution of the configuration in the sampling space

Figure 4 represents with different colors the distribution of the clusters over the retail tariffs variation range.
As observed in subsection 3.1., the output of the model, i.e. the district configuration, is strongly correlated to
those tariffs. This relation can be observed in the figure below as the different configurations can be identified.
Additionally, the sampling space naturally separates itself in half, the separation is highlighted by the amount
of NG imports. Configurations 1 to 4 are based on NG and the configurations above, 5 to 10, on electricity.
The NG configurations are located in the bottom right corner where the electricity tariff is high. Inversely, the
electricity-based ones are in the top left region where the NG price is high. One can note that the space has
fewer samples below the separation line, this is due to the data selection done in subsection 3.2..

Figure 4: Typical configurations distribution in the retail tariffs space.

3.3.2. Installed units capacity

Figure 5 shows the installed units capacity for each configuration alongside their grid exchanges. The main
variation between configurations is the total installed capacity, almost ranging from single to double. This dis-
crepancy is due to the extreme period (high demands and rash environment) included in the model, as the
demand is either fulfilled by imports or by an installed unit. The model installs a minimum heating capacity
to supply heat in any condition. This minimum heating capacity appears in all configurations and is either
composed of NG boiler or a combination of an electrical heater and HP. The additional capacity is formed by
various PV capacity deployments.

Concerning the units’ installed capacity, there is no positive correlation between HP and PV installation, as one
would have expected from previous results discussed in subsubsection 1.2.1.. If no PV panels are installed,
electricity imports increase considerably to supply the HP or the electrical heater. The HP installation triggers
the deployment of water tanks to serve as a buffer. Large installation of boilers is accompanied by significant
imports of NG since boilers are used as the main heat source when they are installed. The presence of HP
and PV in most configurations underlines their high potential in district energy systems. Although, the electric
grid is more strained with PV implementation as imports are reduced, but exports are increased, requiring a
sufficient absorption capacity of the grid.
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Figure 5: Identified configurations of the district and their grids exchanges.

3.3.3. Dimensionality reduction

Principal component analysis (PCA) is a dimensionality reduction technique used to facilitate the exploration
of data sets. The algorithm identifies the eigenvectors of the covariance matrix. The dimensions are sorted
from most to least explaining components. Usually, only the first two components are used to project the data
points, as can be observed in Figure 6.

The first dimension explains 64.8% of the variance and the second 33.2%, thereby the plot illustrates 98% of
the data set variance. The indicators can be regrouped into three main groups which align with the principal
components, this is a direct result of having 98% of the variance explained with only 2 dimensions. The first
component can be interpreted as the global warming potential (GWP) and the second as the TOTEX. The first
deviates slightly from the x-axis, however, the second is perfectly aligned.

A group is positively correlated to the first dimension and contains the NG import, boiler installed capacity, and
GWP. Their correlation is natural as the boiler is fueled by NG, which has a high CO2 emission factor. Inversely,
another group is negatively correlated to the first dimension. It contains the installed capacity of the heat pump
and electric heater, which are low emissions technologies when coupled with a low-carbon electricity grid like
the Swiss one. The electricity import is closely related to the group but helps reduce the TOTEX, negative
correlation to the second dimension. This second dimension is highly correlated with the installed PV capacity,
electricity export, and TOTEX. The relationship between PV capacity and electricity export stems from the high
production potential of the technology in summer, which exceeds the demand. This results in a redistribution
of the electricity surplus in the grid. This electricity export is sold at a low price, so the gain from the electricity
buyback may not offset the operational cost of the microgrid and the PV installation cost. Note that the influ-
ence of the indicators is somewhat similar.
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Figure 6: Variable correlation plot of the first two principal components. Indicators pointing in the same di-
rection are correlated, those pointing in the opposite direction are inversely correlated, and those that are
perpendicular are uncorrelated. The length of the arrow indicates the influence of the indicator.

4. Conclusion
The objective of this paper was to develop a framework able to identify typical district configurations. The
methodology is composed of a two-fold GSA to efficiently sample the space of solutions, and a clustering
step to determine typical technical solutions. The Morris method is used to screen input parameters and
the sampling scheme is acquired using the Sobol method. The space of solutions obtained from the Sobol
sequence was clustered using multiple algorithms. The range of optimal number of clusters was identified
using two cluster validation indices and the Elbow method.

• The conclusion of the GSA emphasized the importance of the retail tariff of energy carriers in such
systems.

• From 8 to 10 configurations were necessary to represent at best the solution space. The results from
each technique were compared using the DBCV index. The tenth first clusters from the DBSCAN were
selected as they represent 90% of the data and obtain one of the best score.

• The identified configurations can be separated into two types of systems, those based on NG and the
others on electricity. Each type has a pretty basic configuration, i.e. the configurations based on NG
install a boiler and the electric ones combine HP and electrical heater.

• In terms of electricity consumption, the import and export of electricity correlate negatively, respectively
positively, with the installed photovoltaic capacity.

The presented results indicate that the presented framework allows to efficiently identify districts configura-
tions. The next logical step would be to implement this framework to define a panel of configurations for
district representatives of a large-scale energy system and study the impact of optimal built environment in the
infrastructure.
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Abstract:
Deep geothermal energy has tremendous potential for decarbonizing the heating sector. However, one com-
mon obstacle can be the mismatch between geologically attractive regions in the countryside and urban areas
with a high heat demand density, which are therefore attractive for district heating systems. In the last years,
an increasing number of regions consider the transport of geothermal heat into urban clusters. One example
of such a region is the South German Molasse Basin in Upper Bavaria. However, such heat transport pipelines
come along with massive upfront investment costs due to the required large pipe diameter and insulation
thickness. While the classic concept foresees the use of water as a heat carrier in such long-distance heat
transportation pipelines, CO2 can be an attractive alternative. This study investigates the thermo-economic
performance of CO2 as a heat transport carrier for a potential long-distance heat transmission pipeline with a
length of 20 km, which could connect a planned geothermal project in the South of Munich with the existing
district heating network of Munich. The results of the base case scenario demonstrate that for both heat carrier
options water and CO2 rather low LCOH for the transport of the heat can be achieved. The resulting additional
LCOH by the long-distance heat transport of around 0.6 cC/kWh are rather small compared to the typical over-
all LCOH of geothermal district heating systems. Comparing the thermo-economic performance of water and
CO2 reveals rather similar achievable LCOH, with a slight advantage for the classical concept of using water.
However, this changes if the installation of a high temperature heat pump (HTHP) is considered in order to in-
crease the thermal capacity of the heat transport system. In the case of using CO2, the additional temperature
increase takes place directly within the CO2 stream by just installing a compressor, while in the case of the
water system, a complete HTHP system needs to be installed. In combination with a higher achievable COP,
the CO2 HTHP configurations results in lower overall LCOH compared to the water system.

Keywords:
District Heating Networks, Geothermal Energy, Heat Transfer, Economic Analysis, Carbon Dioxide

1. Introduction
Deep geothermal energy can play a significant role in the necessary transformation of the heating sector [1].
While there is an increasing number of geothermal projects worldwide [2], the vast majority of the worldwide
potential is still untapped [3]. However, one major challenge for the utilization of geothermal energy is the com-
mon mismatch between urban areas with a high heat demand density and areas with favourable geological
conditions for heat extraction. For example, promising geothermal resources in the countryside with temper-
atures between 80 - 110°C can not be economically utilized without long-distance heat transport. While such
resource temperatures are highly suitable for district heating supply, their temperature is too low for economic
power generation by a binary cycle such as an Organic Rankine Cycle (ORC) [4].
Thus, since the local heat demand is too low in order to justify the high investment costs, without the ability to
transport the heat over long distances, many promising geothermal resources would remain untapped. Molar-
Cruz et al. [5] have recently studied the application potential of long-distance heat transport for geothermal
energy in the Greater Area of Munich, Germany. The findings demonstrate that applying long-distance heat
transportation systems can reduce the overall cost of heat supply by 15 % compared to a scenario without
heat transport. Furthermore, despite the high investment costs of the transportation system, the resulting heat
costs are still competitive with other heating technologies. Kavvadias and Quoilin [6] show that long-distance
heat transport from conventional combined heat and power plants (CHP) can be economical and is already
applied in several European countries. Furthermore, Moser and Puschnigg [7] investigated the concept of a
supra-regional district heating network for a use-case area in Austria. Their results suggest that long-distance



heat transport networks between several different actors might become economical in a future non-fossil en-
ergy system and has a high potential to connect industrial waste heat and renewable energy heat sources.
Thus, long-distance heat transport is a promising approach to boost the utilization of geothermal energy and
the transformation of the heating sector in general.
However, due to high upfront investment and operational costs, an optimal design of the transportation system
is pivotal. While the classical concept foresees the use of water as a heat carrier, CO2 has gained increasing
attention as an alternative heat carrier in both geothermal systems [8]–[10] and district heating networks (DHN)
[11]. The concept of urban CO2 district energy systems is mainly investigated for modern networks that provide
both heating and cooling by heat pump systems being installed in each building. Thus, due to the low operating
temperature of such systems and the corresponding CO2 phase change, the costs of heat distribution can
significantly be reduced [12].
Thus, while CO2 is currently investigated as an energy carrier within DHN systems, its application potential
for long-distance heat transport has not been evaluated in existing studies so far. The scope of this work is
the evaluation of the thermo-economic potential of CO2 as a heat carrier for a potential application case in the
greater area of Munich. This area is a promising case study since the connection of the geothermal attractive
region in the South of Munich with the existing DHN system of Munich is currently under discussion and within
a preliminary planning phase [13]. This work investigates several technical options for the heat transport of
CO2 and compares the resulting thermo-economic performance with a conventional concept using water as a
heat carrier.

2. Methodology
In the system under scrutiny, the heat is transported circulating fluid between the geothermal field and the DH
(district heating) network as shown in Fig. 1.

Figure 1: Base transport system scheme

2.1. Pipeline Model
The behavior of the system is highly dependent on the model of the pipelines connecting these two locations
due to their length. To assess the condition of the fluid within the pipeline, pressure and enthalpy balances (1)
were integrated over its length using the Runge-Kutta solver [14] implemented in Scipy [15].{
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The friction factor in (1) has been calculated using the Churchill correlation [16] while the linear thermal resis-
tance in (1) has been defined as follows:

rtot = rconv + rins, rconv =
1

Nu πkfluid
, rins =

ln
(

1 + 2sins
d

)
2πkins

(2)

with:

Nu = 0.023Re0.8Pr0.3 (3)

The formulation of the balance equations (1) implies that the kinetic and gravitational terms have been ne-
glected in both the momentum and energy balances. The integration process used in the analysis provides a



high level of accuracy while still maintaining a reasonable computational time. However, especially for water-
based systems, it is possible to achieve an acceptable level of accuracy by discretizing the duct into a few
sections (less than 10).

2.2. System Model
Given the high investment costs and anticipated slow transients in the pipelines, the system is expected to
operate in a steady state condition, providing a constant heat flux to the Munich area DH Network throughout
its lifetime. Thus, the water flow rate in the DH is evaluated based on the system’s heat transport capacity rather
than on the heat demand from the grid. Various configurations of the heat transfer system were analyzed for
both the water-based and CO2-based cases, as illustrated in Fig. 2 and discussed in the following section.
2.2.1. Base Case

The most basic approach for long-distance heat transportation, as depicted in Fig. 2a, involves circulating the
fluid via a pump placed after the DH network heat exchanger. The flow rate of the fluid is optimized to minimize
the LCOH under specific design conditions. Additionally, for CO2-based systems, the pipeline pressure is also
optimized.
2.2.2. Heat Pump Case

The industrial requirement of fixed lowest temperature (65°C) in standard district heating networks can limit the
amount of heat that can be transported for a given flow rate, as the temperature at the outlet of the DH heat
exchanger cannot go below a certain value. To overcome this limitation, a heat pump can be installed after the
DH heat exchanger outlet to further cool down the working fluid before redirecting it to the geothermal field, as
shown in Fig. 2b.

(a) Base Case (b) High Temperature Heat Pump (HTHP) Case

(c) Simplified Heat Pump for CO2-based system (d) Absorption Heat Transformer (AHT) Case

Figure 2: Different configuration on the DH network side of the system

This configuration not only improves the heat transfer rate but also reduces the pumping power for CO2-based
systems as CO2 becomes less compressible at lower temperatures. Alternatively, a compression set-up can
replace the heat pump in CO2-based systems as shown in Fig. 2c, which removes the inefficiencies associated
with the heat pump evaporator.
The heat pump in Fig. 2b has been modeled with a fixed exergy efficiency of 0.4, according to experimental
results from literature [17], to avoid the need for complete modeling. Knowing the exergy efficiency is possible
to estimate the electrical power demand as:

Ẇheat pump =
1

ηexergy

(
1 − Tlow

Thigh

)
Q̇heat pump =

1
0.4

(
1 − Tlow

Thigh

)
Q̇heat pump (4)



Tlow and Thigh have been evaluated considering ∆Tpinch point = 5°C in the heat pump’s heat exchangers.
2.2.3. Absorption Heat Transformer Case

Heat pumps can increase power extraction from the geothermal fluid, but at the expense of increased electricity
consumption. To minimize the electricity consumption, heat transformers can be used instead of heat pumps.
However, the heat transformer method requires the dissipation of some of the transported heat to allow for the
remaining heat to reach the desired temperature, as depicted in Fig. 2d.
The heat transformer has been modelled as a black box considering a 50% exergy efficiency [18] in analysing
the various configurations. The ratio between the transmitted power and the incoming one can then be deter-
mined modifying the equation for the exergy efficiency presented in [18]:

Q̇out

Q̇in
=

1
ηexergy

1 − Tamb
Tin

1 − Tamb
Tout

(5)

2.2.4. Heat Pump Temperature Considerations

If the output temperature from the main DH heat exchanger exceeds the requirements of the DH network, the
temperature at the outlet of the heat pump can be lowered resulting in a reduction of the compression power
needed (Fig. 3 should clarify this point).

Figure 3: Example of how a lower output temperature can be set to the heat pump outlet: Temperatures
of points [DH-0] and [DH-1] are fixed due to the grid design constraints (65°C and 90°C in this example). If
temperature in point [DH-2] is higher than required, temperature in point [DH-3] can be lower to compensate

With reference to Fig. 3, temperature at point [DH-3] can be identified starting from an adimensional parameter
defined as:

Tratio =
TDH3 − TDH0

TDH1 − TDH0
(6)

Notice that choosing Tratio implies defining the ratio between the flow rate in [DH-3] and in [DH-2] :

ṁDHratio =
ṁDH3

ṁDH2
=

hDH2 − hDH1

hDH1 − hDH3
≈ TDH2 − TDH1

TDH1 − TDH3
(7)

Moreover, is interesting to notice that a heat pump scheme with Tratio = 0 is equivalent to a base scheme (as
defined in section 2.2.1.) in which the temperature in the DH network is controlled by letting some fluid by-pass
the DH heat exchanger.
2.3. Economic Model
The levelized cost of heat (LCOH) has been evaluated to optimize the design parameter of the different
schemes and to compare the different solutions. The LCOH is calculated as the minimum cost at which
the heat must be sold in order to recover the investment after the lifetime of the plant, it can be derived by
setting the NPV of the system to 0:

NPV = −Ctot +
Le∑
t=1

CFt (1 + i)−t = 0 (8)



Where the annual cash flow (CFt ) is:

CFt = hy

(
LCOHQ̇DH − Ẇpumpcel

)
− Com (9)

The LCOH can then be calculated rearranging (8) and (9) assuming a constant annual cash flow:

LCOH =
Ctotβ + Ẇpumpcel

Q̇DH
, β =

1 + αOMratio

αhy
, α =

1 − (1 + i)−Le

i
(10)

The costs are evaluated using some specific correlations listed in Table 1.

Table 1: Cost correlation used in economic analysis

Component Cost Correlation Notes Ref.

Overall Investment Ctot = 2Cpipe +
∑

CHE +
∑

Cother Result in [C], conversion C/$ applied if
needed. Pump acquisition cost has been
neglected. Cother represents the cost
of additional components such as the
heat pump or the CO2 compressor

-

Yearly Maintenance Com = OMratioCtot 5% OMratio considered -
Pipeline Cpipe =

(
0.6492 d0.9779 + Cins

)
L Result in [$], pipe diameter in [m] [6]

Pipe Insulation Cins = cins (πsins (d + sins)) Result in [$/m], cins in [$/m3]. It depends
on the insulation material (see [6])

[6]

Heat Exchangers CHE = 49.45UAHE
0.7544 Result in [$], Correlation for CO2, UAHE

in [W/K], it is the product of the HE
area and heat transfer coefficient

[19]

Heat Pump Cheat pump = 0.33667Ẇheat pump Result in [MC], Ẇheat pump in [MW], Correlation
for Ẇheat pump up to 10MW, Only the heat pump
acquisition cost has been considered.

[20]

Heat Transformer Cheat transformer = 375Q̇in Result in [C], Q̇in in [kW], correlation
valid for Q̇in ≈10MW, correlation for
absorption heat pumps used following the
approach of [21]. 375 is the mean of the
range (300-450) presented in [22]

[22].

2.3.1. Remarks on the LCOH calculation

Following the approach defined in [6], the LCOH calculated in 10 refers only to the process of transporting
the heat. In order to identify the real cost of heat for DH users, heat production costs (well drilling, reservoir
circulation pump, etc.) must be taken into account:

LCOHtot =
(Ctot + Cprod )β + (Ẇpump + Ẇpumpprod )cel

Q̇DH
(11)

In order to avoid the need for a complete economic evaluation of the production site, it is tempting to simplify the
overall LCOH calculation considering a fixed price for the produced heat using values retrieved from literature:

LCOHtot =
Ctotβ + Ẇpumpcel + Q̇geocheatprod

Q̇DH
(12)

It is important to consider that using equation (12) may lead to distorted results. The reason for this is that
more complex system schemes, such as those described in sections 2.2.2. or 2.2.3., are chosen because
they have a lower temperature in the return line and thus a higher heat extraction rate (Q̇geo) for the same
number of wells and reservoir pumping power. However, due to the fixed value for cheatprod in equation (12), this
behavior cannot be accurately modeled. To address this issue, the most straightforward solution is to evaluate
the overall production cost of different systems using a fixed design extraction power:

LCOHtot =
Ctotβ + Ẇpumpcel + Cheatprod

Q̇DH
, Cheatprod = Q̇geoDESIGN cheatprod (13)

3. Results
This section presents the results for the four different investigated technological concepts visualized in Fig.2.



3.1. Base case
Fig.4a displays the achievable LCOH for both water and CO2 considering different pipe diameters. The results
indicate that both heat carriers have a certain optimal pipe diameter, which corresponds to the optimal trade-off
between investment and operational costs. For CO2, the optimal pipe diameter is at around 130 cm, while it
is at around 85 cm for water. While the deviation between both heat carries is rather small (0.1 cC/kWh), no
clear advantages for using CO2 as heat carrier in this standard scenario can be seen. The figure also shows
the effect of the minimum CO2 density in the system, showing an optimum in the LCOH for ρmin = 500kg/m3.

(a) LCOH with diameter (b) Cost Composition for CO2 with ρ = 450[kg/m3]

Figure 4: Achievable LCOH for water and CO2 considering different densities for the CO2

The findings presented in Fig. 4a can be understood by analyzing the information provided in Figure 4b. Heat
exchangers and pipeline installation are the biggest contributors to the capital investment, costing around 10
MC and 1 MC, respectively. The cost of the heat exchangers can be explained considering that the system
is required to transport a substantial amount of power with a limited temperature difference (∆T ) between
the geothermal water (115°C) and the district heating network (90°C). As a result, the two heat exchangers
can only have a limited logarithmic mean temperature difference (LMTD), 12.5°C in the best case scenario,
this increase the required UA and the heat exchanger cost. Increasing the pipeline diameter results in some
additional heat loss to the environment because of the increase in surface area. These losses are negligible
if compared with the overall power transported by the system, but make the UA requirements even more
demanding.
3.2. HTHP case
Do to the high investment cost required for the acquisition of the heat exchangers the installation of an heat
pump can be useful for increasing the available ∆T and allowing the installation of smaller heat exchangers.

(a) LCOH with diameter (b) Cost Composition for CO2 with ρ = 700[kg/m3]

Figure 5: Achievable LCOH for water and CO2 for the HTHP (High Temperature Heat Pump) case



In Fig. 5, it is apparent that the LCOH has substantially increased when compared to the baseline scenario,
despite a decrease in the cost of heat exchangers to 4MC. This is mainly due to the increased in electrical
power consumption. The high cost of electricity (the average price for Bavaria in 2022 was 22.5 cents per
kilowatt-hour [23], which is more than 30 times higher than the LCOH for the baseline scenario) makes it
unprofitable to extract heat from the fluid using electrical power, even with a high COP. It is critical to note that
this is true for the LCOH shown in Figure 5 which only considers the cost of the transport system, ignoring the
cost of heat production, depending on the cost of heat production this effect can change dramatically.
Another interesting finding shown in Fig. 5 is that the CO2 scheme the compression system replacing the
heat pump (Fig. 2c) due to its simplicity and higher COP, is capable of performing better than the water-based
system in the considered scenario. Especially against the background of high heat demand periods during the
winter, the additional installation of a CO2 compressor can be favourable from an operator’s perspective, since
it allows to supply of additional heat without the need for additional drilling.
3.3. AHT case
An absorption heat transformer can be considered as a solution of increasing the ∆T without using additional
electrical power. In fact, as can be see from Fig. 6, the LCOH has decreased for both water and CO2.

(a) LCOH with diameter (b) Cost Composition for CO2 with ρ = 450[kg/m3]

Figure 6: Achievable LCOH for water and CO2 for the AHT (Absorption Heat Transformer) case

Fig. 6b, shows that the cost of the heat exchangers has decreased to 8MC. The power provided by the AHT
in the optimal condition for CO2 (d=110cm) if 4MW which is only about 10% of the overall heat transported by
the network, this shows that the real advantage of installing an AHT it to increase the available ∆T in order to
allow the installation of smaller heat exchangers.

4. Conclusion
The results of this work provide valuable insights into both the achievable LCOH of long-distance heat transport
from geothermal sources in general and the thermo-economic comparison of water and CO2 as potential heat
carrier fluids. First, the results of the base case scenario (cf. Fig 4a) demonstrate that for both heat carrier
options rather low LCOH for the transport of the heat can be achieved. The resulting additional LCHO by the
long-distance heat transport of around 0.6 cC/kWh is rather small compared to the typical overall LCOH of
geothermal district heating systems [24]. Considering that long-distance heat transport enables the utilization
of geological attractive regions in the countryside with lower project-specific LCOH, installing the long-distance
heat transport system might result in an overall lower LCOH of the whole geothermal heating system. There-
fore, the findings of this work support the general conclusions by the work of Molar-Cruz et al. [5] on the
theoretical advantages of geothermal heating systems with long-distance heat transport as well as the eco-
nomic feasibility of the projects currently in the planning stage in the Greater Area of Munich, Germany [13].
Comparing the thermo-economic performance of water and CO2 shows rather similar achievable LCOH, with
a slight advantage for the classical concept of using water. While CO2 reveals a lower pressure drop within the
piping system, this advantage is overcompensated by the fact that the pressure increase for CO2 is taking place
at a lower density than for water, resulting in a higher power demand. Furthermore, considering the potential in-
tegration of an HTHP increases the LCOH significantly, mainly due to the currently rather high electricity prices.
Nonetheless, the considered LCOH only address the installation and operation of the transportation system
and the HTHP installation. However, installing an HTHP lowers also the LCOH of the geothermal project itself



(which are rather high especially caused by the drilling cost [25]) due to a higher utilization and it reduces the
need for installing and/or integrating further alternative heat sources. Thus, while the installation of an HTHP
might be useful from a thermo-economic perspective, it needs to be assessed in a broader system study con-
sidering also other available potential heat sources and technologies. Regarding the potential application of an
HTHP into the long-distance heat transport system, the results of this work highlight the potential advantage
of CO2 as a heat carrier (cf. Fig. 5). In the case of using CO2, the additional temperature increase takes
place directly within the CO2 stream by just installing a compressor, while in the case of the water system, a
complete HTHP system needs to be installed. Thus, the usage of CO2 allows significantly lower investment
costs as well as higher COPs.
Concerning the thermo-economic comparison of water and CO2 for the considered use case with a rather high
required DH supply temperature, CO2 results in comparable LCOH as water, but has no further positive impact
on the economic performance despite in case of an additional HTHP system for increasing the thermodynamic
capacity of the heat transport system. Furthermore, the future trends towards lower DH supply temperatures
as well as the use of CO2 as a heat carrier in geothermal systems (cf. [9] might result in a thermo-economic
favourability of CO2 as a heat carrier for long-distance heat transport and might be evaluated in future studies.
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Nomenclature
Acronyms

AHT Absorption Heat Transformer

CHP Combined Heat and Power

COP Coefficient Of Performance

DH District Heating

HTHP High Temperature Heat Pump

LCOH Levelized Cost Of Heat, cC/kWh

LMTD Logarithmic Mean Temperature Difference

NVP Net Present Value, C

Economics

C Absolute cost, C

c Relative cost, C/kW

Com Operation and maintenance cost, C/year

Ctot Overall investment cost of the system, C

CFt Yearly cash flow, C/year

hy Yearly operational time, hours

i Interest rate

Le System operational life, years

OMratio Ratio between Com and Ctot

Geometrics

d Pipeline diameter, m

sins Pipeline insulation thickness, m

Thermodynamics

ṁ Mass flow rate, kg/s

Q̇ Heat flux, kW

Ẇ Mechanical power, kW

ηexergy Exergy efficiency

k thermal conductivity, W/(m K)

Nu Nusselt number

Pr Prandtl number

rtot Total thermal resistance, K/W

Re Reynolds number
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Abstract:
Nowadays, the energy sharing of RES production within Renewable Energy Communities (REC) is promoting
the diffusion of a more decentralized energy system, where dispersed renewable generation can be locally
self-consumed by REC members. The maximization of self-consumption through the matching between gen-
eration and demand is thus fundamental to ensure higher economic and environmental benefits for residential
end-users joining REC configurations. However residential electricity demand and the corresponding load pro-
file are generally influenced by end-users’ behavior. In fact, even if most of the household appliances can be
assumed as fixed loads, the usage of some appliances depends basically on the residents’ habits. The en-
gagement of customers in changing their energy consumption patterns is then challenging to promote flexibility
in electricity demand to further increase the benefits of adopting and joining renewable energy communities. In
this view, a MILP approach is proposed to model end-users’ flexibility for investigating how the changing in con-
sumption habits can potentially improve the energy sharing by maximizing the match between RES production
and demand. User’s discomfort is evaluated consequently as the distance between the desired or usual con-
sumption pattern and the optimized one. An Italian multifamily residential building case study, where end-users
adopt a collective self-consumption scheme, is considered to highlight energy and economic results assum-
ing different level of end-users’ flexibility. Finally, a comparison between the maximization of energy sharing
and the minimization of discomfort rate is pointed out through weighted sum method to identify solutions with
different relevance of the end-users’ flexibility.

Keywords:
Demand Management, MILP, Energy Community, Residential buildings.

1. Introduction
Energy Communities (ECs) in Italy are a relatively new concept that has emerged as a response to the chal-
lenges posed by climate change and the need for a more sustainable energy future [1]. In fact, these commu-
nities aim to promote the use of clean and sustainable energy, reduce greenhouse gas emissions, and foster
local economic development contrasting energy poverty [2]. For these reasons, in a EC, public and private en-
tities as well as citizens and households jointly and collectively own and manage renewable energy resources
(RES) to locally increase self-consumption [3]. Hence, ECs are based on the idea that energy production
should be decentralized and democratized, with people taking an active role in shaping their energy future and
in driving the energy transition towards a more sustainable energy system.
Since the main goal of an EC is to increase the match between the local RES based production with the
local electricity demand, battery energy storage systems (BESSs) are assuming a relavant role. Storage
systems are in fact assets for decoupling the timing of energy production from its consumption. Thus, the
use of this system has the advantage of leaving the end-user free to keep its own consumption habits, while
overproduction can be stored and released when needed. However, one of the possible critical aspect in
adopting BESS is still its profitability without incentives [4–6].
A different and complementary approach can be instead considered by promoting the cooperation between
people (e.g. households) and the energy system (i.e. the EC). In particular, to increase self-consumption
and self-sufficiency, changes in consumption habits may be proposed to end-users to modify the timing at
which these consumptions occur [7]. This lead to the adoption of demand management where, through a
simulation approach, the optimal usage of some electric appliances in the households can be identified and
suggested to end-users for adapting their habits to a more sustainable and profitable behaviour. Consequently,
also the BESS sizing could benefits on the adoption of demand management due to lower expected RES
overproduction.



In this view, the work presented by [8] gives a wider overview on the different approaches adopted to model
the demand management in the residential sector. Some of them are based on linear programming (LP) and
mixed integer linear programming (MILP) for deploying load-shifting and then minimize the energy bills for end-
users. For instance, a MILP smart home energy management model has been presented in [9] to arrange
the operation of the household appliances for minimazing costs by considering time-varying pricing model to
control the system. In particular, electrically controllable appliances are shifted to reduce electricity bought from
the grid by harnessing RES production and storage usage. Similarly, a home energy management strategy to
minimize the customer’s billing is presented in [10], where different components and appliances are modeled
by MILP. Shiftable loads are modeled again as components with a fixed operational time window that can be
arranged to reduce the electricity bought from the grid.
According to these examples, a MILP modeling approach is proposed in this work to exploit the benefits due to
load shifting in residential sector, but considering the perspective of an energy community (see Figure 1). In this
case, the self-consumption of RES-based production is maximized by suggesting different end-users’ habits,
so that the aggregated load demand can more efficiently match the RES production. Results are compared
with ones achievable by using a different approach based on the integration of an energy storage system to
figure out also potential interoperability with demand management. Additionally, end-users’ discomfort is also
modelled to take into account the end-users’ acceptability of the demand management. In fact, costumers
perception on flexibility tools is still controversial [11]. Then, multi-objective optimization is also proposed to
investigate how different willingness to participate in demand management can influence the benefits.

Figure 1: Scheme of the proposed MILP approach

2. Problem formulation
A Mixed Integer Linear Programming (MILP) formulation is proposed here to model the demand manage-
ment of electric appliances used by residential end-users joining a collective self-consumption configuration.
Consequently, equations and constraints representing this energy system are linear or alternatively should be
linearized. In particular, two different kind of equations can be considered for describing the energy exchanges
within an energy community, the interaction of the collective self-consumption with the grid and the manage-
ment of the electricity demand: energy balance equations and constitutive equations representing the energy
behaviours of the different assets. Binary (i.e., integer) variables are also introduced to describe the on/off
status of the components and appliances and to consider their operational limits. A detailed description of this
general approach can be found in [12].
The time horizon of the simulation is discretized by subdividing it in Ni intervals with length ∆t equal to 5
minutes in this particular application for fully exploiting the potentiality of the demand management in residential
end-users.
2.1. Modeling Demand Management
Demand management of the consumption aims at modify the end-users’ habits in using electric appliances to
meet specific goals of the energy community. As already pointed out, in this particular case, the objective is to
increase the self-consumption of the RES production to maximize energy sharing and improve the economic
benefits. Hence, end-users can actively participate by shifting the energy consumption for all those appliance
that are programmable by definition as, for instance, washing machines and dishwashers [8]. These appli-
ances, in fact, have a fixed duty-cycle whose start can be anticipated or deferred with respect to the end-users’



usual habits. As a consequence, assuming a daily time horizon discretized on Ni time intervals, the duty-cycle
of an end-user’s appliance can potentially be started at any time intervals.
This condition can be modelled by a squared matrix where each columns represents the load pattern (or
load profile) of the a-th programmable appliance by assuming a different starting time interval for the duty-
cycle. Practically, the first column is the usual load pattern, while the other columns are obtained by cyclic
permutation of the first one, as follows:

Pj ,a =


pj ,a,1 pj ,a,Ni pj ,a,Ni−1 · · · pj ,a,2
pj ,a.2 pj ,a,1 pj ,a,Ni · · · pj ,a,3
pj ,a,3 pj ,a,2 pj ,a,1 · · · pj ,a,4

...
...

...
. . .

...
pj ,a,Ni pj ,a,Ni−1 pj ,a,Ni−2 · · · pj ,a,1

 (1)

where Pj ,a ∈ RNi xNi and pj ,a,i is the consumption of the a-th programmable appliances in a given i-th time
interval for the j-th end-user. Clearly, an appliance can only adopt one load profile from the matrix P, while
the other must be ignored. For this reason, Ni additional binary variables have to be introduced, one for each
columns, so that:

Ni∑
i=1

δj ,a,i = 1 (2)

where δj ,a,i is equal to 0 if the i-th consumption pattern (i.e. the i-th column) is not selected and equal to 1 if
the corresponding i-th consumption pattern is chosen. Hence, equation 2 ensures that only a load profile can
be selected, while the others are not considered. As a consequence, this representation introduces flexibility
in the usage of electric appliances to be considered in the demand management purpose.
2.2. Energy storage
A battery electric storage system (BESS) is also considered as an essential element to further introduce
flexibility in the management of an energy community [13]. Even if its integration can be complementary to the
demand management, because of BESS basically introduce flexibility by potentially leaving consumption habits
unchanged, its operation need to be modelled as well to exploit the interaction with demand management. The
BESS formulation adopted here is based on the one already introduced in [14], where the BESS is studied
considering passive sign convention. Under this assumption, the electric power input to the BESS has positive
sign (during charge), viceversa the output one (during discharge) has negative sign. As a consequence, the
State Of Charge (SOC) of the battery (i.e. its energy conten) in a given time interval is defined; as follows:

SOC(ti+1) = ηsdSOC(ti ) +
(
ηcPb,c(ti )−

Pb,d (ti )
ηd

)
∆t (3)

where ηsd is the self-discharge efficiency, ηc is the charge efficiency, ηd is the discharge efficiency and Pb,c and
Pb,d are the battery power respectively during charge and discharge. However, electric power during charge
and discharge are typically limited, so further constraints need to be introduced, as follows:

0 ≤ Pst ,c ≤ δc
SOCmax

Tc
(4)

0 ≤ Pst ,d ≤ δd
SOCmax

Td
(5)

0 ≤ δc + δd ≤ 1 (6)

where SOCmax is the storage capacity of the battery, Tc and Td are the minimum charge and discharge time,
while Equation 6 is a operational constraint where δc and δd are binary variables that compel charge and
discharge powers to be different from zero only one at a time.



2.3. Energy balance of the community with demand management
As already depicted in Section 2.4., an energy community is a scheme where local RES production, energy
storage systems and the end-users interact each other to increase local self-consumption. In this context,
where residential end-users jointly acting as renewables self-consumers, if demand management is also intro-
duced for some of the appliances, the energy consumption for each end-users can be divided in two different
main categories: fixed load and a flexible one. The corresponding energy balance for the community can be
then defined in each time interval, as follows:

PPV (ti ) + Pp(ti ) + Pb,d (ti ) = Ps(ti ) + Pb,c(ti ) +
Nu∑
j=1

Ufix ,j (ti ) +
Nu∑
j=1

Na∑
a=1

Uflex ,j ,a(ti ) (7)

where PPV is the RES production from PV, Pp is the electricity bought from the grid, Pb,d is the electric power
supplied by the battery, Pb,c is the electric power consumed by the battery, Ufix ,j is the overall fixed load of the
j-th end-whikle Uflex ,j ,a is the flexible load of the a-th programmable appliance owned by the corresponding j-th
end-user. Then, the left hand side of Equation 7 represents the sources for the energy community, while the
right hand side identifies the loads, where Ps has the role of representing power injected and sold to the grid.
However, according to the modelling of demand management proposed in Section 2.1., each flexible load can
be represented by Ni possible load patterns where only one of them is not actually zeroed. As a consequence,
each flexible load introduced in Equation 7 can be also represented as follows:

Uflex ,j ,a =
Ni∑
i=1

δj ,a,ip
(i)
j ,a (8)

where p(i)
j ,a is the i-th column of the matrix Pa,j , while Uflex ,j ,a is the vector describing the load profile for the a-th

programmable appliance of the j-th end-user. Of course, Equation 2 ensures that only one load patterns will
be selected during the search of the optimal solution.
Additionally, limitations owning to the contractually committed power have to be considered for each end-
user. In fact, demand management shifts the flexible loads and consequently power demand can exceed
the available power for a residential end-user which is usually equal to 3 kW in most of the Italian domestic
costumers [15]. This can be avoided by introducing for each j-th end-user and in each i-th time interval a
further constraints, as follows:

Ufix ,j (ti ) +
Na∑
a=1

Uflex ,j ,a(ti ) ≤ Pc (9)

where Pc is the contractually committed power for domestic costumers.
2.4. Objective functions
In this paper, according to the recent Italian rules [16], a multi-family building is considered where a PV plant
is used to supply the energy demand of the residential end-users jointly acting as renewables self-consumers.
In this context, the energy demand of the some electric appliances are supposed to be schedable to increase
and maximize the self-consumption of the RES production. This goal is equivalent to reduce or minimize the
electricity produced by the PV and injected into the grid, so the objective function is evaluated, as follows:

OF1 = min
Ni∑
i=1

Ps(ti )∆t (10)

where Ps represents the electric power sold to the grid. However, the management of some of the electric
appliances according to this policy, may be potentially in contrast with the users’ habits. For this reason a
measure of the end-users’ discomfort in adopting demand management is also introduced. This is represented
by a sort of weighted distance between the scheduled path demand of the shiftable loads (e.g. the one
suggested by solving equation 10) and the end-user usual consumption habits. Consequently, an alternative
objective function has been introduced to minimize this user’s discomfort, as follows:



OF2 = min
Nu∑
j=1

Na∑
a=1

Ni/2∑
i=1

i · δj ,a,i +
Ni∑

(Ni/2)+1

(Ni − i + 2) · δj ,a,i

 (11)

In this objective function, the coefficients i and (Ni− i +2) are introduced to weight differently each consumption
patterns represented by a column of the matrix P. In particular, the consumption patterns far from the usual
habit (i.e. the first column of P) are more penalised with respect to the closest one. In fact, for instance, if the
10th column was selected as consumption pattern, its weight (i.e. 10) would be higher than the one obtainable
by the 3rd column (i.e. 3). In this way, the objective function naturally force the solution to be close to usual
habits of the end-users. Additionally, weights are symmetric with respect to the center of the matrix, since each
column of P is generated by a cyclic permutation of the usual consumption pattern of a given appliance. Hence,
for example, the second and the last column of P have of course the same weight, because they represent two
patterns symmetrically close to the end-user’s habit.
Clearly, equation 11 states that minimum discomfort has to be reached (i.e., end-users do not change their
consumption habits) and practically this in contrast to equation 10. For this reason, also a multi-objective ap-
proach have been also explored. In particular, since the formulation proposed here is MILP based, a weighted
sum method [17] is adopted to combine the two objective functions, as follows:

MOF = min [αOF ∗
1 + (1− α)OF ∗

2 ] (12)

where 0 ≤ α ≤ 1, while OF ∗
1 and OF ∗

2 are the normalized objective functions. Different weight α in Equation 12
givea the possibility to explore solutions where demand management is less compelling, consumption patterns
are closer to end-users’ habits and discomfort is reduced.

3. Key Performance Indicators
KPIs are used here to investigate the performances of the proposed demand management within an energy
community on yearly basis, considering scenarios with different sizes of the active assets (i.e. PV and BESS).
In particular, these reference scenarios are designed by supposing no demand management, because the
considered use cases should investigate the role of the demand management in existing configuration of the
collective self-consumption scheme. Three groups of KPIs were considered: energy, economic, environmental
and discomfort.
3.1. Energy KPI
The energy impact of the demand management in a multi-family residential building has been evaluated con-
sidering two different indicators: the self-consumption (SC) and the self-sufficiency (SS). The SC identifies the
self-consumed PV production compared to the yearly PV production, while the SS identifies the self-consumed
PV production compared to the yearly electricity demand of the building, as follows [18]:

SC =
Esh

EPV
=

∑
year

Psh(ti ) ·∆t∑
year

PPV (ti ) ·∆t
(13)

SS =
Esh

EL
=

∑
year

Psh(ti ) ·∆t∑
year

Ue(ti ) ·∆t
(14)

where Ue is the aggregated yearly electricity load profile including fix and flexible loads, while Psh(ti ) and
Esh represent the self-consumed PV production within the energy community also named shared energy and
calculated, as follows:

Psh(ti ) = min[(PPV (ti ) + Pb,d (ti )), (Ue(ti )− Pb,c(ti ))] (15)

3.2. Economic KPI
The economic impact of the demand management in an energy community has been evaluated only in terms
of cost savings for the end-users. In fact, as already pointed out, demand management is supposed to be



adopted in existing scenarios of energy communities. Hence, economic feasibility and profitability of investing
in the active assets of the community is not considered here, so economic indicators evaluating the return of
investment are not included in this work.
In this light, the indicator named Percentage Cost Reduction (PCR) [19] is used to compare the yearly costs
of the electricity bills YCdm obtained by the energy community adopting demand management with the ones
YCref where demand management is not adopted. Practically, PCR is calculated as follows:

PCR =
[
1− YCdm

YCref

]
100. (16)

Both yearly costs are calculated considering the per unit cost for the electricity bought from the grid EL and the
economic benefits and incentives offered to energy communities by the current Italian regulatory framework,
as follows:

YC = ELCp − EPV Cs − EshCsh. (17)

Specifically, the PV production injected into the grid EPV is economically valued at the wholesale market price,
while the shared energy Esh benefits of an incentive. The former, considering 2019 as reference year, is as-
sumed fixed at approximatively 50C/MWh [20], while the latter is equal to around 110C/MWh and the electricity
retail price is assumed instead equal to 200C/MWh on average [19].
3.3. Environmental KPI
Environmental KPI measure instead how demand management influences the reduction in the primary energy
consumption or, alternatively, in CO2 emissions in an energy community. The carbon saving is in fact calculated
by comparing the carbon emissions with and without demand management, as follows:

∆CO2 =
[
1− CO2,dm

CO2,ref
· 100

]
=
[
1−

Ep,dm · EFe

Ep,ref · EFe

]
· 100 (18)

where EFe represents the national CO2 emission factor for the electricity bought from the grid [21], while Ep,dm
and Ep,ref are the yearly electricity demand of the building not fulfilled by RES production when DM is adopted
and not implemented, respectively.
3.4. Discomfort KPI
Finally, also a further KPI is introduced to measure how demand management changes the usual habits of
end-users and contemporarily create discomfort. This can be basically measured by comparing the sug-
gested optimal path demand (gained by solving Equation 10) with the end-user’s habits. Since each of the
programmable appliances considered in this study have a specific duty-cycle, this comparison is equivalent to
measure the distance between two duty-cycles with different starting time or, in other words, this distance is
the difference of two starting time, as follows:

Dis =
Nd∑
d=1

Nu∑
j=1

Na∑
a=1

1
Ni
| tus

j ,a − top
j ,a | (19)

where us
j ,a and top

j ,a are the usual and optimal starting time of the duty-cycle for the j-th user and its programmable
appliance a, while Nd is the number of the reference days adopted to represent a whole year. Clearly, top

j ,a is
get from the solution obtained by solving Equation 10.

4. Case study description
A multifamily residential building of 40 apartments, located in the North-West part of Italy, was selected as
reference use case in this study. In fact, this building typology is the most representative according to the
current Italian building stock [19,22]. The electricity demand of each apartment was estimated considering an
open-source simulator developed by the CADEMA research group of the Politecnico di Torino [23]. The open-
source simulator creates the daily load profiles of the main electric appliances for an aggregate of households.
Then, different load profiles were generated for a whole day according to the season, the day of the week (i.e.
weekdays and weekend days) and the energetic labels of the appliances with a time-resolution of 5 minutes.
In particular, the simulated load profile of each appliances are based on statistical data obtained from past load
measurement campaign in National research project, so the generated patterns can be assumed as related



to end-users’ habits. The appliances considered in the simulator are vacuum cleaner, dishwasher, washing
machine, tumble drier, audio-video devices (tv, hifi stereo,...) and other electronic devices (laptop, personal
computers) and lighting. Among the others, dishwashers and washing-machines were assumed as the ones
suitable for the application of demand management due to their ability to be programmed [8]. Figure 2 shows
on the left an example of the resulting aggregated electricity demand estimated for the residential building
(including both fix and flexible loads of each end-users) with a focus (on the right) for a given end-users where
fix demand (blue line) and the consumption of programmable appliances (red and yellow lines) are highlighted.
Hence, loads that can be rescheduled have a duty cycle that can be anticipated or delayed with respect to the
habits depicted in Figure 2 (right side).
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Figure 2: Load profiles of the case study: aggregated demand (left), consumption of a single end-user with
fixed and flexible demand (right)

On the other hand, PV production was estimated by adopting the PVGIS database [24] to take into account the
effect of the solar beam at the considered location of the case studies. Specifically, PV size was estimated a
priori by adopting the sizing criteria proposed in [14] but assuming no demand management. In this light, the
PV size is selected on energy basis according to the simultaneous maximization of the self-consumption (SS)
and self-sufficiency (SC) for the energy community, so that the chosen PV size ensures the lowest distance with
respect to the Utopia point in the SC − SS plane. The maximum PV size was also limited to 70kWp due to the
available roof surface of the residential building being studied [19]. Of course, since the open-source simulator
is on a daily basis, also PV production was estimated on the same timeframe. However, to limit computational
effort in simulating the proposed model, reference days were then identified to represent a whole year. In
particular, two days (i.e., a weekday and a weekend day) for each seasons have been considered.
The resulting PV size were then considered to identify a reference configuration for the case study where the
energy community exploits the RES production for increasing local self-consumption but without demand or
BESS management. This reference scenario is firstly compared with one where the demand management is
adopted to evaluate its impact without BESS. Later, other scenarios assuming the same PV size, but paramet-
rically increasing BESS size without demand management, were compared to the reference configuration. In
this way, demand management is also compared with a different approach based on the BESS management
as described in Section 2.2..

5. Results
The assessment of demand management in an energy community with a collective self-consumption configu-
ration is presented in this section. The use-case considered is a residential multi-family building with 40 flats
located in the North-West of Italy [19]. According to the sizing approach proposed in Section 4. the installed
PV capacity for maximizing both SS and SC is equal to 40 kWp. Starting from this reference configuration (i.e.,
Scenario 0) without demand management (DM), the scenarios being studied are summarized in Table 1.

Table 1: PV and BESS size in different Scenarios

Scenario 0 1 2 3 4
PV X X X X X
BESS (kWh) - - 15 30 30
DM - X - - X



In particular, Scenario 1 highlights the impact of the demand management, while Scenarios 2 and 3 points
out the impact of BESS management with increasing BESS sizes. Scenario 4 has been further included to
exploit also potential interaction between two different flexibility approach within the energy community. The
main BESS characteristics considered in the simulations are also reported in Table 2. In this case, a round-trip
efficiency of approximately 90% is assumed, the rated fully charging and discharging time are equal to 3 hours,
while self-discharge effect is substantially neglected.

Table 2: BESS characteristics assumed in the simulations [5].

ηc ηd ηsd Tc Td
(h) (h)

0.95 0.95 1 3 3

Table 3 shows the KPIs obtained by the different Scenarios. It can be noticed that demand management in
Scenario 1 has a positive impact from the economic, energy and environmental point of view. In fact, the
shift of energy consumption for the programmable appliances can improve the match of the demand with the
PV production. In other words, the aggregated demand of the flexible loads should mainly occur during PV
production, as depicted in Figure 3, leading end-users to more virtuous behaviours for the energy community
perspective. Consequently, self-consumption and self-sufficiency can be enhanced up to 12.7% and 5.7%,
respectively, while energy cost and CO2 emission can be reduced by 4.6% and 9.1%.
Clearly, the positive economic impact can also contribute in increasing cash-flows and, consequently, in making
more profitable the PV investment for the community.

Table 3: KPIs obtained for different Scenarios

Scenario 0 1 2 3 4
SC (%) 83.2 95.9 91.7 96.3 99.4
SS (%) 37.2 42.9 41.0 43.0 44.4
PCR (%) - 4.6 3.1 4.9 5.8
Esh (MWh/y) 34.7 42.9 38.2 40.1 41.4
∆CO2 (%) - 9.1 6.1 9.3 11.5
Dis 0 91.5 0 0 94.8
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Figure 3: Aggregated load of all the programmable appliances in Scenario 1 with (left) and without (right)
demand management during a spring day.

The resulting net load is then significantly close to zero during daytime, so that RES production is mainly self-
consumed within the community and not injected into the grid as reported in Figure 4. Furthermore, demand
management can also reduce the net load during the afternoon and evening hours, still due to load shifting
effects. However, discomfort inevitably increases, since end-users’ habits should be changed.



Similar benefits can be gained in Scenario 3 by optimally managing BESS to increase self-consumption, as
noticed in Table 3 and Figure 4. In fact, even without demand management, the adoption of BESS with a
rated capacity of 30 kWh can contribute to reach high levels of SC and SS close to 96% and 43% respectively,
while cost and emission savings can be close to 4.9% and 9.3%. Nevertheless, this approach needs of the
installation of a costly asset (i.e. electrochemical battery) while the end-users’ behaviour is not involved at
all. Additionally, BESS needs to be replaced once its cycle life is reached, making not yet totally profitable its
usage in residential applications without the adoption of incentives [4,25].
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Figure 4: Net load of the energy community during a summer day for: Scenario 1 with (blue curve) and without
(red curve) demand management on the left; Scenario 3 with (blue curve) and without (red curve) BESS
management on the right.

However, when the interaction of the two different flexibility approaches is considered (i.e., Scenario 4), all the
KPIs benefit of the demand management. In this case, a fully self-consumption of PV production is almost
reached, while cost and emissions savings can be close to 6% and 11.5%, respectively. Specifically, the
demand management allows a lower battery usage while ensuring a longer technical lifetime, postponing the
need of investment for its replacement. Furthermore, demand management contributes in contrasting the
injection of PV overproduction, as pointed out by the net load shown in Figure 5, while BESS benefits of a
lower
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Figure 5: Scenario 4: aggregated load of the programmable appliances with and without demand management
during a spring day; net load of the energy community during spring with and without demand management.

Finally, multi-objective simulations have been also explored to evaluate the impact of different end-users’ avail-
ability in changing their habits for following or adopting demand management. As already observed, different
end-users adaptability can be obtained by considering different weights α in Equation 12. In fact, a lower α
represents a decreasing willingness to participate in demand management and vice versa. Table 4 shows the
results of the multi-objective simulation for Scenario 1 considering different weights. As expected, the greater is
α the better the economic, environmental and energy KPIs, while the higher the discomfort. Correspondingly,



the net load of Figure 6 has more negative values (i.e., reduced self-consumption) when OF2 (i.e., the dis-
comfort) is weighting more than the OF1 (i.e., the self-sufficiency). These results suggest that some trade-off
solutions can be achieved where end-users’ acceptance or availability in following demand management is not
fully agreed. Nevertheless, positive results can be still obtained and then end-users acceptability can be thus
promoted to increase the willingness to participate in flexibility [7].

Table 4: KPIs obtained for Scenario 1 considering different weight in multi-objective simulation

α 0.75 0.5 0.25
SC (%) 95.8 92.4 88.6
SS (%) 42.8 41.3 39.6
PCR (%) 4.5 3.3 1.9
Esh (MWh/y) 39.9 38.5 36.9
∆CO2 (%) 8.9 6.5 3.8
Dis 38.9 19.7 7.1
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Figure 6: Scenario 1: aggregated load of the programmable appliances with and without demand management
during a spring day; net load of the energy community during spring with and without demand management.

6. Conclusion
The energy communities represent a great opportunity to increase self-consumption of RES based production,
fostering more sustainable energy ssystems with lower operational costs capable to contrast energy poverty.
In this context, flexibility is assuming a relevant role for reaching these goals, because it can improve the match
between consumption and production. Classically, storage systems are considered for decoupling the timing
of energy production from the demand, so that overproduction can be stored and released when needed,
leaving the costumers habits unchanged. In this work, instead, a complementary approach based on demand
management was considered, by promoting changes in consumption habits that may be proposed to end-
users. In particular, a Mixed Integer Linear Programming formulation is proposed here to model the demand
management of electric appliances used by residential end-users joining an energy community under the
Italian regulatory framework. An Italian residential multi-family building with PV is assumed for exploiting the
economic and environmental benefits of the flexibility. Discomfort was also evaluated to highlights how demand
management impacts the households habits.
The results figured out how demand management can effectively increase local self-consumption with a cor-
responding reduction in terms of energy costs and CO2 emissions up to 4.6% and 9.1%, respectively. Similar
results could be potentially obtained by using electric storage systems, but investment and operational cost
increase as well, making stil less profitable this solution. Interoperability between battery and demand man-
agement can instead be supported, because storage units can be potentially undersized or alternatively less
stressed, while energy, environmental and economic KPIs are improved. Of course, discomfort is being pe-



nalized, then multi-objective simulation has been also introduced to evaluate how KPIs are influenced by a
different willingness to participate in demand management. Results show that potential trade-off solutions
can be still found, even thought benefits are reduced. In this case, future work will be further developed to
investigate how to economically enhance end-users availability according to their rate of flexibility.
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Abstract:
Thermal management systems of electrified vehicles especially heavy-duty trucks face multiple competing
goals such as minimum energy consumption, minimum battery degradation and highest passenger comfort.
The design process of a suitable thermal management system addressing these goals requires a holistic ap-
proach including the various cross couplings occurring in real world operation. Therefore, a physics-based
modular full-vehicle model is introduced. The model includes an electrified drive-train, passenger cabin and
thermal management system. The mechanical and electrical drive-train components, including the battery, mo-
tor and power electronics are thermally connected with each other and the cabin using various cooling circuits.
A reversible heat pump and several control units are used to adjust the specific thermal requirements leading to
complex interconnections and cross couplings. We estimate the performance of a heavy-duty truck on typical
long-distance trips including stops based on legal regulations used for fast charging and overnight charging.
While charging overnight, conservation air conditioning of the cabin is performed as efficiently as possible. For
this operation, we present different strategies for battery thermal conditioning. Operating strategies for the full
vehicle, especially the thermal systems in a summer and a winter scenario are proposed. Simulations of a
typical deployment scenario are performed to explore the effects of different operating and control strategies
for thermal management. Our virtual deployment scenarios include easy to modify driving cycles, driving time
regulations, charge stops and climatic boundary conditions. For evaluation purposes we present an energy-
flow-diagram for the full vehicle. Based on the simulation results we recommend thermal system operating
strategies in a full-vehicle context for heavy-duty truck long distance trips and charging.

Keywords:
battery, heating, cooling, electric trucks, R744 thermal management, driving range, battery degradation, fast
charging.

1. Introduction
In order to fulfill Paris goals for reducing CO2 emissions in the transport sector, electrically powered trucks
are needed. Both, battery-electric or fuel-cell trucks show promise for flexible transport of goods [1]. Some
recent investigations discuss opportunities and challenges for fuel-cell trucks [2, 3]. An overview of current
long-haul heavy-duty fuel-cell trucks is given by Pardhi et al. [4]. While it is believed that both, battery-electric
and fuel-cell technologies will be used to power future heavy-duty trucks [5]. In this research we only focus on
battery-electric heavy-duty trucks.
The transformation from internal combustion engines to electrically powered vehicles has occurred rapidly for
passenger cars, as observed in car registration statistics of different countries [6]. Although electrical powered
trucks became available in recent years [5, 7], the adoption of heavy-duty vehicles has been slow compared
to light-duty vehicles [8]. Several reasons for the slower transition can be identified. First, heavy-duty trucks
are typically required to cover longer distances than light-duty vehicles, while carrying large amounts of cargo.
Therefore, the battery systems suitable for a heavy-duty truck must be much larger compared to that of a light-
duty vehicle. Second there is a lack of fast charging stations, especially MW -Chargers [9], for trucks along
the main transport routes resulting in longer stop times compared to conventionally powered vehicles. Third,
electric trucks are still much more expensive than conventional trucks [10] and their diesel engines are already
optimized on efficiency [2].
Several investigations found in the literature motivate the current study. Verbruggen et al. [11] performed
simulations for powertrain design of a battery-electric heavy-duty truck. Nykvist and Ollson [12] performed
an analysis on the feasibility of battery electric heavy-duty trucks and in doing so considered fast-charging
and range in their investigation. Several authors investigated thermal behavior of large battery packs suited
for trucks, e.g. [13]. Furthermore, the influence of thermal encapsulation of truck batteries was investigated.
Energy savings for overnight parking are highlighted [14].
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Our study focuses on the choice of operating strategies for the thermal management system of the whole truck
during driving and charging, which has not been addressed in the literature. To analyze the effects of different
operating strategies on energy consumption, battery degradation and thermal comfort, we model the full vehicle
in order to take into account cross couplings. As an extension to the previously published studies we propose
to employ a detailed physics-based model to investigate battery-electric trucks. With our approach a detailed
analysis of the entire vehicle and its subsystems is possible. Furthermore, we describe the degradation of
the battery, which allows us to predict the overall lifetime of the truck. Our model also allows different vehicle
configurations to be tested. Furthermore, sensitivity analysis for certain parameters can be performed and
parameters can be optimized easily.
Our physics-based vehicle model (see figure 2.) accounts for all the main components of a battery-electric
heavy-duty truck with a special focus on the details of the thermal systems. The truck uses a state-of-the art
Li-Ion battery system designed for performing long-distance trips with full payload. Our system contains NMC-
Pouch cells [12]. Other manufacturers plan to use LFP cells [15]. In the future, solid state batteries may also be
used for heavy duty trucks [16]. Electric and mechanical components such as motors, power electronics and
gears produce waste heat [17]. Our model accounts for this waste heat and also includes battery degradation,
which increases significantly at operating temperatures that are either too high or too low [18,19]. During fast-
charging battery waste heat can be very high [20]. Additionally, there is a need for cabin air conditioning and a
fresh air supply.
As a result of these points, there is a need for a multi-function thermal management system. Because a long
driving range is a main requirement for heavy-duty trucks, the thermal management should be as efficient
as possible [21]. Different operating strategies can be applied [22] to optimize energy consumption. Also,
battery degradation in the context of a full truck and different environments and operating conditions can be
investigated because of the implemented degradation model [18].
We employed test scenarios with challenging conditions for the analysis of the whole system of a battery-
electric heavy-duty truck. Operating strategies are compared in terms of battery degradation and energy con-
sumption. Long-distance trips are the most challenging deployment scenario for battery-electric vehicles [23]
and therefore, we focus especially on these long-distance trips. There is a need for large battery capacities and
rapid charging [5] to minimize break times. In a parameter study, the effects of different boundary conditions
as well as operating strategies on the aforementioned energy consumption, battery degradation and thermal
comfort are investigated. The boundary conditions include harsh climatic conditions such as very high or low
temperatures that are challenging [14, 24], due to the increased energy demands for thermal management.
Furthermore, the driving cycle could be challenging, especially for hilly terrain. Due to the large weight of a
typical battery-electric truck, which can weigh as much as 42 metric tons [24], high rolling resistances and
grade resistances occur. For downhill driving, significant recuperation is possible, which can reduce energy
consumption but results in higher loads for the mechanic and electric components and more waste heat. Sim-
ulations of the battery-electric truck on different trips using different operating strategies are conducted and
investigated. The effects of the different operating strategies on the behavior of the system are analyzed in
detail.

2. Description of the Modular Full Vehicle Model
For our investigations we use a modular multi-scale vehicle model implemented in Modelica modelling lan-
guage using models from the TIL suites [25]. Due to its modular structure, the model can be configured for
different types of vehicles such as busses, heavy-duty trucks or passenger cars. An earlier version of the
model was presented by Steeb et al. [26]. They combined the vehicle model with a high-dimensional battery
model and investigated thermal hotspots in automotive batteries.
A block diagram of the vehicle model used in this study is shown in figure 1. The model in general can be
structured into mechanical, electrical and thermal sub-models. Furthermore, the model includes boundary
conditions and control units for several models.
The boundary conditions (described in details in section 3.) include climate data and a drive cycle. We set
the ambient temperature,ambient humidity and solar radiation as climate conditions. These affect the driving
resistance and, importantly, act as the boundary conditions for all thermal models, having particular influence
on the cabin, cooling circuit, and the reversible heat pump (RHP).
The drive cycle provides time-based calculated data for the vehicle’s velocity and slope. We took distance-
based data and re-calculated those for use in a time-based calculation. The time-based format fits well into
the overall solution process of the formulated system of equations. For example, time-based driver rest stops
can be set easily. Also, for heavy-duty trucks, the payload can be varied, and a time-based format enables
the payload to be modified during a multi-stage trip. Furthermore, the drive cycle can set a charging request
if ignition is activated. A driver model compares target speed with actual speed. Target speed is set as a
boundary condition by the drive cycle. The driver is designed as a controller calculating brake or acceleration
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pedal position. Data for slope and payload are processed in the driving resistance.

Figure 1: Model of a full vehicle including balance rooms for flow variables (mechanical and electrical power,
heat), data connection , and boundary conditions, adapted from [26].

2.1. Models of Mechanical Drive-train and Force Components
The mechanic part includes models for driving resistance, tires, gears and an electric motor describing the
driving dynamics of a configured vehicle. The driving resistance model includes replaceable parameter sets
for drag coefficient cw , frontal area Afront , weight mvehicle and rolling friction coefficient µroll . These values are
summarized in Table 1. Traction force is calculated by summing roll, air, grade and acceleration resistance:

FTraction = FRoll + FAir + FGrade + FAcceleration (1)

Rolling resistance FRoll and grade resistance FGrade mainly depend on the vehicle mass mvehicle and rolling
friction coefficient µroll . Air resistance FAir is influenced by the frontal area Afront and drag coefficient cw . The
driving resistance model receives slope and the additional vehicle weight due to payload from the driving cycle
model.

Table 1: Vehicle parameters used in all scenarios.

Vehicle total mass Frontal area Drag coefficient Rolling friction coefficient
42 t 9.25 m2 0.5 0.0055

The tires convert torque from gears into translational movements FTraction of the vehicle on the street (driving
resistance model). The tire model also takes into account braking force and the tire inertia. Vehicle velocity
and distance are calculated. Data are shared into a data-bus system. The gears model mechanically connects
the tires and electrical motor. It operates at a constant efficiency and conserves inertia. Constant efficiency
means that the incoming power is divided into a mechanical fraction, which is passed to the drive train, and
heat. A thermal model is included in the gear model and accounts for waste heat rejected to the cooling circuit.
The electric motor is modeled with a fixed efficiency as well. The model includes replaceable data sets for
motor characteristics such as torque data or inertia. The motor torque set-point is provided by the motor control
unit. That translates the brake or acceleration pedal positions into motor torque. Constraints are taken into
account including battery management data such as minimum recuperation temperature, maximum charging
or discharging power, and motor limits. The motor provides mechanical power Pmech to the tires and calculates
thermal losses Ploss.
2.2. Models of Electrical Components
The motor model acts as an interface to the mechanical and electrical models. The needed electric power
Pel is calculated as the sum of Pmech and Ploss. While the motor operates at a constant voltage the electric
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current depends on Pel . An inverter model provides electric power at a constant voltage level. It also operates
at a constant efficiency. The inverter model is electrically connected to the battery system including a high
voltage network. Furthermore, the DCDC-Converter enables a connection to a low voltage network. The low
voltage network provides power for energy consumers such as ignition or infotainment. A charging station
model is included. The charging can be activated by the station itself for time-based charging, or requested
by the drive cycle. Charging power is controlled by the battery management. We implemented state-of-the-art
charge maps that provide feasible charging powers depending on the actual battery temperature and its state
of charge (SoC). Furthermore, a derating of charging power for high battery temperatures is applied.
The Li-Ion battery system is the key component of a battery-electric vehicle (BEV) and, therefore is modeled
with many details [22, 26]. The battery system consists of a cooling plate, a thermal interface material and of
a typical pouch cell with a nominal capacity CN , as well as current arresters. On the battery system level, we
model one representative battery cell and scale current, voltage and heat exchange up to system level. The
battery system is designed for an on-board supply voltage of 800V and has a battery capacity of 725kWh. The
representative single battery cell is modeled with a 2-dimensional (length and height) discretized model using
thermally and electrically connected battery bundles. A battery bundle represents a single discretized part
of a battery cell including the same behavior and equations for the adjusted cell volume, mass and capacity
[27]. Each battery bundle includes an equivalent circuit model for electric modeling and calculating irreversible
(Q̇irrev ) and reversible (Q̇rev ) heat production [28]:

Q̇irrev = Ri · I2 (2)

Q̇rev = I · T · ∂UOCV (T , SoC)
∂T

(3)

The internal resistance Ri (SoC, T ) depends on temperature T and SoC. Irreversible heat production grows
quadratic with higher currents, while the internal resistance typically decreases with higher temperatures. Re-
versible heat can be positive or negative. For high currents, its effect is small compared to Q̇irrev .
For State of Health (SoH) calculations, a semi-empirical battery degradation model based on the investigations
of Wang et al. [18] was implemented. The SoH depends linearly on Ah-throughput AhThroughput , exponentially
on the C-Rate, defined as c -Rate = I/CN , and an Arrhenius-Term is used to describe the temperature de-
pendence. Since the model is valid for a wide temperature and C-Rate range, it is capable of capturing the
temperature and C-Rate coupling. Therefore, optimal thermal operating points for a given electric stress can
be derived from the model. For moderate C-Rates, the optimum temperature of 25◦C results in the lowest
degradation rate while higher and lower temperatures cause the degradation rate to increase rapidly. Other
degradation dependencies like depth of discharge or SoC are neglected, which is a reasonable assumption
due to the almost stationary use-case-scenarios of heavy-duty trucks. As outlined by [29], the chosen model
seems to be the most suitable for the considered application. The model is valid for a wide temperature and
C-Rate range. It is capable to describe the coupling of temperature and C-Rate. Optimal thermal operating
points for given electric stress can be identified with an equation for ∆SoH depending on T , C-Rate and fitting
parameters a−e:

∆SoH = (a · T 2 + b · T + c) · exp (d · T + e) · C−rate · AhThroughput (4)

2.3. Models of Thermal Components
As described previously, models of the gears, motor inverter and DCDC-Converter use thermal sub-models.
The thermal sub-models contain the waste heat production as well as thermal capacitors and resistors de-
scribing the geometry and thermal behavior. Motor, gears and inverter thermally interact with the environment
and the liquid cooling circuit. Similarly, battery cooling is connected to the cooling circuit. We use a cooling
plate model for calculating convective and conductive heat transfer from liquid to the battery cells.
The cooling circuit model (see Figure 2; liquid) includes the interface to the ambient air that flows through the
front-end heat exchanger of the truck. A fan is used to increase the air flow rate across this heat exchanger.
Each of the two liquid loops are equipped with an air-liquid heat exchanger that is used for heat rejection to
the ambient. A low temperature loop is designed for battery cooling. A high temperature liquid loop is used
for cooling of motor, gears and inverter. Both cooling circuits use liquid pumps and for certain use cases,
connections of the circuits are possible (e.g. battery heating).
Figure 2 depicts a piping and instrumentation diagram of the reversible heat pump with continuous lines mark-
ing the activated cooling mode. A third heat exchanger on the air path located in the front-end of the vehicle
is used as an evaporator or gascooler/condenser in the reversible heat pump. It is designed as a two-stage
R744-refrigeration cycle with switchable operation modes enabling heating or cooling of the battery and cabin.
The refrigerant flows through the compressor and enters at a high pressure level in the Gascooler, which is
bypassed on the air side. Next the refrigerant flows through the open Valve 1. Gascooling takes place in the
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Front-End HX (heat exchanger) and the Internal HX. After that the refrigerant mass flow is divided to provide
battery and cabin cooling. In the battery path refrigerant flows through Valve 3 and is expanded in Valve 4.
The R744 is evaporated in the Battery HX cooling the liquid coolant used for battery cooling. After that the
refrigerant flows through Valve 7 and Valve 8. For cabin cooling the refrigerant is expanded in Valve 5 and
flows through Valve 6 and into the Evaporator, conditioning the fresh air for cabin cooling. Both refrigerant
flows get mixed and enter the Accumulator and the the low pressure side of the Internal HX. Both, the RHP
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Figure 2: Piping and Instrumentation Diagram with TIL components of a reversible heat pump for cooling and
heating of battery and cabin and the simplified cooling circuits including cooling of electric motor (M) and power
electronics (PE). The case of the battery and cabin cooling is displayed.

and cooling circuit exchange data with a thermal control unit that specifies setpoint temperatures depending
on the actual state of the vehicle and its subsystems. We use sets of PI-controllers for implementing different
control strategies.
As described previously, the reversible heat pump is used for conditioning the vehicle cabin. The cabin inter-
acts with the boundary conditions: Ambient temperature and humidity, solar radiation and driving speed. For
simplicity, we always set 22◦C as our target temperature for cabin air.

3. Deployment Scenarios and boundary conditions
We present two typical driving cycles each paired with two climatic conditions resulting in challenging deploy-
ment scenarios for a heavy-duty truck. These scenarios are used to investigate the effects of different operating
strategies on the defined performance metrics. The applied operating strategies are discussed in the next sec-
tion. The first drive cycle represents a typical long-distance day-trip for a truck in Germany and is depicted in
Fig. 3. Starting in Hanover, the truck travels the 632 km distance to Munich in about 8 hours and 10 minutes
excluding stops. The truck starts the drive cycle with half an hour of pre-conditioning followed directly by four
and a half hours of mostly full-speed Autobahn-Driving. Due to regulations, a break of 45 minutes is required
after that time. This break is also used for fast charging. Fast charging during the stop is required to cover
the remaining driving distance for the day. For our analysis, the route is driven in a summer scenario with an
outside temperature of 35◦C and a high solar radiation affecting the truck’s cabin.
Second, we investigate a two-day long distance trip. The two-day cycle is designed as a simplified driving cycle
according to the maximum allowed driver’s steering time in European Union regulations [31]. The whole trip
runs for 1530 km on a flat terrain. Such a trip could be seen as a trans national European drive from Lithuania
to Belgium. The velocity profile including pre-conditioning and rest (and charge) breaks can be seen in Figure
4. The tour starts with 3 hours of pre-conditioning, followed by two consecutive four and a half hour driving
periods at 85 km

h interrupted by a 45 minute resting and charging break. The night break is 11 hours and then
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Figure 3: Hanover-Munich long-distance day-trip: Velocity and Altitude profile with rest and fast charging
break, adapted from [30].

the same procedure will be driven the second day. During the short breaks fast charging will be performed.
Slow charging is performed during the night break. During all charging breaks, cabin air conditioning must be
provided.

Figure 4: Velocity profile for a two-day long distance trip without altitude changes, including two fast charging
brakes and one overnight brake.

4. Operating Strategies
An operating strategy is needed to handle competing goals pertaining to thermal management in the vehicle’s
operation. Those goals include:

• Minimum battery degradation
• Best thermal comfort for the driver
• Minimum energy consumption and maximum driving range

These goals are constrained by the following additional conditions: Safe operation of all vehicle components
and systems, especially the battery and reaching suitable charging times. Most of these goals are in compe-
tition at various points of operation and must therefore be prioritized. Battery degradation can be reduced by
maintaining optimum battery temperature and operating at low C-Rates. Maintaining suitable battery tempera-
ture, increasing energy consumption reduces driving range. If the reversible heat pump is working, a strategy
for cooling or heating priority between the cabin and battery is necessary.
Two operation strategies for the summer scenario Hanover-Munich trip are suggested. One strategy prioritizes
minimum energy consumption. The other strategy prioritizes minimum battery degradation. For safety
reasons, thermal comfort of the driver is always prioritized and the best possible comfort is provided. For the
minimum battery degradation strategy, the thermal system tries to cool the battery as much as possible to
quickly reach and maintain the degradation-minimizing temperature. This is especially important during and
after fast charging. For minimum energy consumption strategy, less intense battery cooling is performed at a
more optimal operating point of the RHP and the target temperature for battery cooling is set higher than the
degradation-minimizing temperature to save energy in thermal management.
Two operation strategies for fast charging during the two-day long-distance trip are suggested. We distinguish
between a 45 minute daytime charging break that satisfies legal requirements, and lengthening the day-time
charging breaks by 15 minutes resulting in a total of 30 minutes longer trip time. Minimum charging time
competes with minimum battery degradation, which is expected to be higher when higher charging power is
used.
In winter scenario we investigate the influence of battery pre-conditioning based on the two-day long distance
trip. We compare different target temperatures for battery heating by the reversible heat pump during an hour
of pre-conditioning before driving on a flat terrain for 9 hours including a fast-charging brake of 45 minutes.
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The winter scenario also includes fast charging breaks but due to lower ambient temperatures battery cooling is
easier. During overnight charging a constant heating and fresh air supply for cabin are required. For overnight
charging, we study an eight hour night-time break for charging. The truck arrives with a nearly empty battery
(SoC = 10%) and charges with a constant charging power (Pcharge = 75 kW). We distinguish three thermal
management operating strategies for RHP operation (see figure 2) during overnight charging. Our first strategy
uses battery waste heat as the heat source for RHP, forming a water-air heat pump. Due to the relatively high
temperature level and capacity of the battery a very high heating efficiency is expected. The second strategy
utilises ambient air as heat source forming a typical air-air heat pump. Finally, the third strategy uses an electric
heater. It is used as a benchmark for comparison of the electrical energy consumption and possible savings.

5. Results
To analyze cross couplings in the complex system that is the full truck model, we use a energy-flow diagram
on the top level. Figure 5 shows the flow rates of the three main process variables: Mechanical and electrical
power as well as heat flow rates. The diagram shows a summer case at an ambient temperature of 35◦C
and the Hanover-Munich route. The current and average consumption of electrical energy an other simulation
parameters are depicted, cf. Fig 5. At the moment of the operational snapshot in Figure 5 the truck is climbing
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Figure 5: Energy flow diagram showing the mechanical, electrical and thermal power flows and additional
information about the vehicle state an hour after fast charging in the Hanover-Munich cycle.

a slight grade. Efficiencies of sub models (e.g. gears) can be observed from the different powers displayed
at each side of the component. Thermal and mechanical inertia of the components are included. The battery
rejects 17.37 kW of heat to the cooling system. Heat is released to the cooling cycle and a small portion
directly to the environment by the LT-Cooler and partly to RHP. Cabin cooling is also performed through RHP
on a lower temperature level.
5.1. Model Plausibility Check
We checked the plausibility of our heavy-duty truck model by comparing it to test data available for the Volvo
FH Electric [10], which is a battery-electric truck of the same class as the one that was modelled. The real
world test of the Volvo truck resulted in an average energy consumption of 1.1 kWh

km for a 338 km route with a
diverse topography in Southern Germany [10]. We took the same route and chose a summer scenario with
an ambient temperature of 28◦C to investigate the modelled truck. Cabin cooling is performed to keep the
cabin at 22◦C. Our simulation resulted in an average energy consumption of 1.33 kWh

km . The 21% difference in
the results can possibly be attributed to differences in the energy consumption for air conditioning, the truck’s
weight or slightly different roll and air resistances.
5.2. Influence of Thermal Management Operation Strategy for Summer Scenario
In Figure 6, the comparison of battery degradation, represented as the change in SoH and battery temperature
for the Hanover-Munich trip in summer is shown for both operation strategies (see section 4.). The degradation
is reduced by 40% when applying the minimum battery degradation operating strategy compared to the
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minimum energy consumption strategy. On the other hand, at the beginning of fast charging at a time of
5 hours, 2.3% percent of SoC or 9 kWh of energy is saved for minimum energy consumption operating
strategy.

Figure 6: SoH degradation and battery temperature for a Hanover-Munich long distance day trip on challeng-
ing topology and two operation strategies: minimum battery degradation (orange) and minimum energy
consumption (blue). Battery degradation is reduced by 40% using the minimum battery degradation oper-
ating strategy.

This investigation underlines the trade-off between energy consumption for thermal conditioning of batteries
and battery degradation. Because only small energy savings are achieved with the minimum energy con-
sumption strategy compared to the driving energy but large difference in battery degradation is observed using
the minimum battery degradation strategy. Preference should be given to battery cooling to limit degradation.
5.3. Influence of Fast Charging Strategies on Long Distance Trips
We investigate the influence of fast charging on battery degradation incorporated in a long distance trip (see
Figure 4.To do this we lenghtend the charging break from 45 minutes to 60 minutes and reduced the associated
charging power by 25%. Figure 7 illustrates the differences in battery degradation for the two fast charging
times over the whole two day trip.
First, this investigation shows the enormous influence of fast charging operation on battery life, which can
be seen by comparing the blue and orange curves in Fig. 7. It can be seen that battery degradation during
charging is significantly higher than while driving. This results from the larger currents that occur during fast
charging compared to the discharging currents drawn from the battery while driving. Also the battery is facing
those higher currents at higher temperature levels which is another crucial factor for the degradation.

Figure 7: SoH degradation and SoC over a two-day long distance trip with two operating strategies for daily fast
charging: 45 minute charging breaks (orange), extended 1 hour charging breaks (blue). Significant reductions
(42%) in battery degradation are seen for longer charging breaks.

Second, Fig. 7 shows the effect of lengthening charging breaks by 15 minutes and at the same time reducing
charging power on battery degradation. By extending the break time by 15 minutes, resulting in an additional
30 minutes beeing needed for the two-day trip, the battery degradation can be reduced by 42%. Further
elaboration is recommended to analyze the economical trade-off between battery degradation and depreciation
and delivery time. The preliminary discussed goals of fast charging time and battery degradation conflict
strongly.
The results of this investigation enable us to approximate the total battery lifetime expectancy. Driving the two-
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day long distance trip, the battery looses 0.07% of its state of health when taking 60 minute charging breaks.
By extrapolating the result down to a SoH of 80%, a battery lifetime of 287 drive cycles or 437.000 km is
approximated. Considering the result for the same drive cycle but using 45 minutes charging breaks a lifetime
range of only 245.000 km can be achieved. This result confirms that battery change could be necessary
during the lifetime of the truck, particularly if fast charging is performed regularly. A separate depreciation
of the battery and other components is suggested, and battery degradation should be considered in logistics
operation strategies.
5.4. Influence of Terrain on Battery Degradation
To asses the influence of terrain, we compare the Hanover-Munich trip (Fig. 6) to the long distance trip (Fig.
7) for total trip battery degradation. Although the long-distance trip is more than 2.42 times longer than the
Hanover-Munich trip, the battery degradation is similar. This directly translates to a higher degradation per
unit distance driven for the Hanover-Munich cycle. The effect can be explained by the challenging terrain of
the Hanover-Munich cycle that results in much higher discharging C-Rates for hill climbing and recuperation
when going downhill. When combined, these effects lead to a higher total number of battery charging and
discharging cycles.
5.5. Influence of Battery Aging on Long-Distance Feasibility
To assess the impact of battery aging, we compare previous results for the Hanover-Munich trip for the summer
scenario with the same conditions and an already degraded battery. Figure 8 shows a comparison of SoCs
against the driving time for a new battery and a degraded battery with a SoH of 0.9. Due to the degradation,
not only is the total battery capacity decreased, but the internal resistances are also increased, resulting in
more irreversible heat production during charging and discharging. This puts an additional load on the cooling
system. The truck reaches the fast charging stop with an SoC of 0.09 instead of 0.19 for a new battery.
More intense fast charging needs to be performed, or the charging break needs to be extended, if the truck is
required to cover the remaining drive cycle without another stop.

Figure 8: SoC over Hanover-Munich long distance day trip compared for new (orange) and degraded (SoH =
0.9, blue) battery. Less driving range and more intense fast charging result, for the degraded battery.

Our investigations indicate that the loss of battery capacity due to degradation should be taken into account
when choosing an appropriate size of battery system for the given operational and range requirements of
the vehicle. This again highlights the importance of appropriate thermal management operation strategies to
reduce battery degradation.
5.6. Influence of Pre-Conditioning in Winter Scenario
For a one-day long distance trip we compare the influence of pre-heating in a winter scenario at −5◦C ambient
temperature. After pre-conditioning the battery is heated using waste heat from the motor and electronics as
well as its own produced heat.
From figure 9 it can be observed that in a winter scenario battery heating in the pre-conditioning phase can
reduce battery degradation significantly. A battery heated to 10◦C instead of 0◦C through pre-conditioning
reduces battery degradation caused in the first hours of the driving cycle by 33%. Pre-heating the battery up to
20◦C (which takes more than one hour) does not reduce battery degradation much further. It is demonstrated
that operating at low battery temperatures results in accelerated degradation. Battery heating before driving
is strongly recommended in winter scenarios. A heat pump is suggested for this purpose to improve energy
efficiency.
5.7. Overnight Charging in Winter Scenario
The energy consumption of the three different operation strategies for thermal management for an overnight
cabin heating and simultaneous battery charging are displayed in table 2.
The results show, that a heat pump can reduce energy consumption for cabin heating significantly. For 8
hours of overnight cabin heating at an ambient temperature level of −5◦C, 11.1 kWh of energy are saved
using an air-air heat pump instead of an electric heater. Futher saving can be realized by employing the RHP
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Figure 9: Influence of battery pre-conditioning (with RHP) before driving in a winter scenario with an ambient
temperature of -5◦C. Comparison on battery degradation and battery temperature. Target temperatures for
battery heating while pre-conditioning is active: 0◦C (orange), 10◦C (blue), 20◦C (green).

Table 2: Electric energy consumption of different cabin conservation air conditioning thermal management
strategies (see section 4.) during overnight charging in winter scenarios.

Water-Air Heat Pump Air-Air Heat Pump Electric Heater
2 kWh 3.9 kWh 15 kWh

(see figure 2) as an water-air heat pump during overnight charging. The electrical energy consumption could
be halved again for this operation strategy. When using the water-air heat pump only the battery HX and
gascooler transfer heat. During overnight slow-charging the battery waste heat is efficiently used as RHP heat
source. Depending on the chosen charging speed, the current SoC, the SoH of the battery and the ambient
temperature the waste heat approximately covers the required heat for RHP. If the predicted demand of heat
to keep the cabin temperatured exceeds the amount of available waste heat of the battery, that is produced
while charging the battery, the battery could also be used as a thermal capacity. Therefore, battery operating
temperature could be increased during the last hours of operation before overnight break in order to have a
higher temperature level of the RHP heat source. After that battery temperature could slowly be decreased
overnight using battery as heat source for RHP.

6. Conclusions and Outlook
In our study, we demonstrated that a physics-based full-vehicle model of a battery-electric truck is suitable to
accurately predict the consumption of electrical energy in a benchmark scenario. Using the full-vehicle model,
the effect of fast charging on the state-of-health of the battery was explored using real-world deployment
scenarios. It was found that fast charging stops have an important impact on the achievable life time of a
battery electric truck.
Our study also compared different operating strategies for summer and winter scenarios. Fast-charging breaks
along with legally required minimum break time leads to accelerated battery degradation. A slight extension of
charging times and associated lower charging currents lead to significantly less battery degradation and thus
much less depreciation on the battery (truck). Prioritizing minimum battery degradation over minimum energy
consumption as thermal management operating strategy leads to significant reduction in battery degradation.
Furthermore, our investigations showed how a challenging hilly terrain influences battery degradation due to
high discharge currents while driving uphill and high charging currents for recuperating while driving downhill.
In this context we exemplary contrasted the remaining capacity when reaching predefined charging stops of
a pristine and a degraded battery to evaluate the long-distance feasibility over lifetime. The results showed
that especially for long-haul trucks the battery size should be designed anticipating degradation due to aging.
For the investigated winter scenario we showed the positive effect of pre-heating the battery before driving.
Pre-heating lowers degradation significantly. For battery and cabin heating a heat pump is recommended due
to energy efficiency. For overnight heating operation the heat pump is used as well. Battery waste heat while
slow charging can be used as a heat source for an efficient heat pump.
Looking to the future, solid state batteries are a promising development in battery technology. It is predicted
that they will require a higher temperature level for operation [16]. For long distances and driving times of
heavy-duty trucks, as well as route planning and pre-conditioning times, solid-state batteries are especially
suitable for trucks. Adjusted thermal management systems are needed with solid state batteries. There is a
special need for heating technologies and battery pre-conditioning. Due to its modular structure, our model is
well suited for such investigations in the future.
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Abstract:
Finding new alternatives to current energy systems is a need to develop disruptive solutions. In this case, a
complete new approach the Sodium as energy resource is described. Tradicionally, Sodium has been con-
sidered a risky element even if it were proposed as coolant in many applications, as nuclear or solar thermal
plants. Such applications has been concerned by the explosive reaction of alkali as Na with water. In this
communication, we analysed the altenative of profiting of such highly exothermic reaction for an energy use.
Previuosly , we analised the utilization of sodium as propellant, and next steps presented in this paper shows
the proposal of a sodium-water based heater to feed heating and cooling networks. A tentative configuration
for the design of such heater, and the heat exchangers to adapt heated water temperatures will be presented.
We present the conceptual design of a 13.5 MW district heating plant for a ∆T = 10oC heating water from 60
to 70 oC, consuming 1 kg/s Sodium, reaching an efficiency of 95%, comparable with existing boilers..

Keywords:
Sodium-Water reaction, District Heating

1. Introduction
The energy sector is facing the need of a systemic transformation to reduce as much as possible the carbon
dioxide content in the atmosphere, increasing the circularity of all the energy and industrial processes , as
well as fulfilling the global energy demand. Current tendencies to improve the sustainaiblity of the energy
system into the framework of the energy transition are based on the massive deployment of renewable primary
energy sorces, the implementation of high capacity storage systems to manage intermitent generation of such
sources. In addition, some authors consider nuclear energy [1] to support that high penetration of renewables
to achieve zero-emissions targets. Additionally, even if fossil resources are expected to be axhausted at any
time in the future, they would be able to contribute to decarbonise the energy system during such energy
transition by the utilization of carbon captire and sequestration (CCS) technologies [2], as well as hydrocarbon
pyrolysis [3].
Solutions for a decarbonised energy transition my be provided for electric and themal energy uses, either
for industry or for heating/cooling application. Current solutions based on batteries, hydrogen or incremental
developments of emerging, existing technologies, may have some limitations to provide a suitable scheme that
would allow to comply with the maximun environmental targets. This could be specially critical for a complex
system as it is the energy system itself, that should increase significatively its integration into circular processes
coupling with other sectors. To increase the chance to achieve the required environmental targets seems
necessay to analyze disruptive alternatives that can be added to the options that are currently available to
increase the technological options to implement a sustainable energy system. Oxygen oxidation has generally
been used as the fundamental form of enthalpy or chemical energy release, giving rise to combustion reactions.
Another option is the use of water as an oxidizing element. One of the possibilities is the use of the sodium-
water reaction, which responds to the exothermic balance expressed in 1:

Na + H2O −→ NaOH +
1
2

H2 ∆H0 = −141
kJ

molNa
= −6.13

MJ
kgNa

(1)

This reaction, when it occurs in excess of water, is followed by the dissolution of sodium hydroxide in water,
which is also exothermic, and can offer, in the case of developing the reaction in a closed vessel, a practical
heat generation of the order of 188 kJ/molNa(8.174MJ/kgNa), The hydrogen produced recombines with oxygen
that may be present in the reaction environment with an extra heat production, so that the total energy release



obtained in a total oxidation of Na to NaOH with water and oxygen and a subsequent dissolution of NaOH in
water reaches 326.6 kJ/molNa(14.21MJ/kgNa). In the case of developing an application that takes advantage
of this energy, the final product would be a solution of solid hydroxide in water, which can be extracted in liquid
form and continuously.
We have previously evaluated experimentally the sodium-water reaction in excess of water [5], qualifying its
performance of sodium as candidate fuel for rocket propellant. Such works was one of the fist attempt to
convert the inhetent risk associated to the use of sodium as coolant due to its high reactivity with water [6],
to a potential valid decarbonised fuel. In this communication we analyse the application of such reaction to
one of the most important sectors for the decarbonization of our Society. The residential sector accounts for
a significant amount of CO2 emissions due to the utilization of fossil fuels for climatization and heated water
demand.

2. Sodium water reaction closed fuel cycle
The utilization of sodium as main fuel, combined with and oxydising agent as water, has as one of its primary
source the common salt (NaCl). The extraction of sodium from sodium chloride, energy is needed according
with the following electrochemical potential:

Na+ + Cl− −→ Na +
1
2

Cl2 E0 = −4, 07V (2)

The energy that is needed, for instance, in form of electricity may be calculated by electrolytic conversion with
the following semi-reactions:

Cathode : Na+ + e− −→ Na E0 = −2, 71V (3)

Anode : 2Cl− −→ Cl2 + 2e− E0 = −1.36V (4)

The reaction enthalpy may be evaluated fromn the Gibbs energy of the reaction, which is calculated from the
Faraday constant (F=96485 C/mol), and taking into account that one electron is needed for the formation of
one Na molecule (23 g/mol) as:

∆G0 = −neFE0 = −96485 · 4.07
J

molNa
= 392.6

kJ
molNa

= 17
MJ

kgNa
(5)

The total enthalpy or enegy requirements for the dissociation of sodium clodride has to add the energy to heat
it up to the fusion temperature and meld the compound, according to:

∆H = ∆G0 + Cp,NaCl · (Tf ,NaCl − Ta) + hfg,NaCl = 17 + 1.9 + 0.32
MJ

kgNa
≈ 19.2

MJ
kgNa

(6)

This number may be compared with the total amount of energy that is produced by the sodium water reaction
(equation 1), what gives an overall potencial energy efficiency of the conversion of primary energy into heat of
73 % in the case of extracting Na from sodium chloride. Obviously, this figure is the maximum thermodynamic
efficiency, that will be reduced by the losses of the electrochemical arrangement for Na synthesis, as well as
the heat efficiency of the sodium-water reactor.
The utilization os NaCl as input raw material for the generation of the sodium reactant may be replaced by the
recovery of sodium from the sodium hidroxide product of the raction. In this case, the redox reactions are:

Na+ + OH− −→ Na +
1
2

H2O +
1
4

O2 E0 = −3, 11V (7)

In this case, the amount of electrons (ne) involves in the redox semireaction is 4, leading to a minimum potential
energy demand of 8.2 MJ/kgNaOH , that is a net energy demand for the recovery of sodium of 14 MJ/kgNa. The
efficiency of the NaOH/Na cycling depends only on its irreversibilities and the efficiency of the electrochemical
and heat management equipment.
The energy needed to run both sodium synthesis processes is intended to be provided by low-carbon electricity,
as wind, solar FV or nuclear.



3. Sustainability of the Sodium Water Reaction
One of the most important aspects related to the utilization of any energy source is the evaliation of its sustain-
ability, what includes concepts as environmental impact, resources availability and circularity. The evaluation
of the alternative of the sodium-water reaction, as a possible alternative to combustion in the context of the
decarbonization of the energy system, can be analyzed based on sustainability criteria, and the comprison
with the use of fossil resources today and some other alternatives. Among these generic characteristics for the
evaluation of an energy source are:

• Greenhouse gases emissions related to its use as energy source.

• Circularity potential.

• Abundance and availability of primary resources.

• Energy density.

3.1. Environmental impact and circularity
The decarbonization of the energy system requires the development and implementation use of technologies
with zero or very low emissions of greenhouse gases, such as methane or carbon dioxide, and to a lesser
extent, water vapor or other triatomic molecules. As described, the sodium-water reaction has as its final
product sodium hydroxide (NaOH) dissolved in water. Being a set of reactions that are not related to carbon
chemistry, there is no recombination with oxygen to form CO or CO2. It can be said that it is a high exergy
thermal power generation without greenhouse gas emissions, which is compatible with applications in which
fossil fuels such as natural gas are difficult to replace.
Regarding the potential for circularization, the result of the reaction is a solution of Na(OH) with water, which
can be reintroduced into the reactor, increasing the hydroxide concentration. From a certain concentration after
some recirculation cycles, after making the last thermal exchange, if it is allowed to cool in a open deposit, the
NaOH crystallizes and precipitates [9]. The maximun concentration that may be reached depends on the
process temperature, as seen in the NaOH/water system shown in figure 1. For instance, if operating at 25 ºC,
NaOH concentration should not exceed 50 %.

Figure 1: The NaOH–H2O system. Stability ranges of the different hydrates and the respective solidification
lines [11]

3.2. Abundance of the primary source
Sodium is the sicth element in abundance accounting for 2.83 % of the Earth‘s crust [7]. That means that is
far from being considered a risk from the geo-political point of view, being widely available. A list of the most
abundant elements are listed in table 1. Sodiun is very reactive and it is not found as a single element. The
most common sodium compound is sodium chloride. This very soluble salt has been leached into the oceans
over the lifetime of the planet. Salt beds can be found where ancient seas have evaporated. It is also found in
many minerals including cryolite, zeolite and sodalite.
The high availability of sodium compounds implies to fulfill one of the most important constraints for the sus-
tainability of energy sources, that is the possibility to grant access to the resource to everyone.



Table 1: Element abundance on Earth [8]

Element atomic number % by weight
oxigen 8 46.60
silicon 14 27.72

aluminium 13 8.12
iron 25 5.00

calcium 20 3.63
sodium 11 2.83

3.3. Energy density
The development and application of the sodium water reaction convert sodium in an enegy vector, thjat could
be compared with the rest of the vectors and storage techonology available. Suche comparison may be done
in terms of energy density. The energy density of sodium has been evaluated as 14.2 MJ/kgNa by mass or 13.8
GJ/m3 by volumem in the case of adding the heat of the sodium-water reaction and the hydrogen oxidation,
what is expected in excess of water. A comparison with other energy carriers is depicted in the table 2. All
of the energy carriers that are considered now are based on liquid or gaseous substances. Sodium is a solid
substance, what reduces energy lost during storage, enabling its use for long term storage.
From the point of view of the energy density, sodium is comparable in terms of volumetric capacity with other
carriers as compressed natural gas, ammonia and liquid hydrogen. In any case, either compressed natural
gas or different forms of hydrogen storage alternatives requires the implementation of criogenics or dedicated
compression systems. Its performance is lower respect to liquid fuels, specially interms of energy per mass.
Sodium as solid energy carrier is comparable with ammonia.
From this comparison, it can be assessed that sodium has energetic properties that are comparable with other
energy vectors that are proposed as key for the implementation of a decarbonised energy system.

Table 2: Energy density of several energy carriers [10]

Carrier Energy per mass (MJ/kg) % Energy per volume (GJ/m3)
Hydrogen (liquid) 143 10.1

Hydrogen compressed (700 bar) 143 5.6
Hydrogen at STP 143 0.0107

Natural gas (liquid) 53.6 22.2
Natural gas (250 bar) 53.6 9
Natural gas at STP 53.6 0.036

Methane at STP 55.6 0.0378
Gasoline 46.4 34.2

Diesel 45.4 34.6
Ammonia 18.6 11.5
Sodium 14.2 13.8

STP stands for Standard Temperature and Pressure (25 ºC, 1 bar)

4. Application to District Heating
I has been shown how the highly exothermic sodium-water reaction has certain potential to be integrated
into the enegy system. Nevertheless, the reaction evolution should be controlled, as it has been done with
combustion, to convert a reasonable reaction heat into a useful sevice. At this respect, district heating and
cooling are one of the most important potential applications. Currently, the residential sector is the responsable
of a very significant part of current CO2 emissions in many countries, in many case above 50 % [4].
4.1. Process description
A full process that has been designed for the implementation of a district heating and cooling installation based
on the sodium-water reaction is depicted in figure 2. The process is composed of the following functional
circuits:

• Water feeding system (WFS).

• Sodium feeding system (SFS).



• Sodium-water reactor (SWR).

• Heat exchange to District Heating (HDH)

• Reactor outflow treatment system (ROTS).

• Air Purge System (APS).

The water feeding system (WFS) pumps water to the sodium water reactor. A pump controls the inflow of
fresh running water to the process, that is mixed with pure water rejected by the osmotic separator of the
reactor outflow treatment system (ROTS). The sodium feeding system (SFS) preheat sodium up to its liquid
state (98 ºC) from the sodium inflow at room temperatura. It is composed by a preheater that melts sodium
according to the inlet rate set up for the reactor. We have assumed in our design a sodium consumption of 1
kg/s as described in table 3. Such massflow is contolled by the reaction rate and volume of the sodium-water
reactor (SWR). The basic parametes for the control of such reaction may be established by the experimental
work already done for the characterization of the reaction in a fixed volume [5] and depicted in figure 3. Oor
experimental work shows as the energy that is generated in the reactor is proportional to the amount of sodium
that is present in the reaction chamber, with a low impact of the excess of water, or addicional material, as in
this case is the remaining sodium hidroxide. As we intend to avoid water vaporization, the reactor should be
pressurized.

Figure 2: Process for the DHC application of the sodium-water reactor boiler including an osmotic separator
for Na(OH)

The continuous reaction product stream passed to one leg of a heat exchanger of the HDH system to transfer
the useful heat to the district heating loop. The service hear exchanger has an additional input from the air
purge system (APS), which main purpose is to clean up the reactor stream from residual hydrogen that could
remain in the reactor product stream. The air stream contributes to the total amount of heat transferred to the
district loop, increasing efficiency.
The reactor outlet stream from the heat exchanger, composed by a sodium hydroxide solution in water is
treated in the ROTS system to extract to extract pure Na (OH) and and water to be recirculated and mixed
with running fresh water. The core of the reactor outflow treatment system is an osmotic separator that ex-
tract sodium hydroxide. Such separators are operating at low temperature [13] that is achieved by a cooler
downstream the HDH. As an alternative, depending on the concentration of the solution, it can be solidified by
lowering temperature. To improve the energy efficiency of the ROTS system, it i spossible to regenerate heat
in the solution cooler exchanging energy between the pure water stream and the solution from the DHD. Such
temperature reduction in the solution from water may happen with concentrations higher than 30 %. Such con-
centration may be achieved by the reduction of the pressure to enhance water vaporization of the mixture. For
low concentration of Na(OH), the product stream can feed directly an electrolytis section to recover Na in case
of the integration of a sodium recovery section. In that case, the facility will decouple electricity consumption
from heat generation for the district heating, using sodium as storage.
4.2. Process data estimation
A conceptual analysis of the process that is proposed for the application of the sodium-water reaction to district
heating (DH), that may be extended to dostrict cooling (DC) adapting the set-points of the control variables
(mainly temperatures), has been modelled with UniSim R491 Suite [12]. From the previous discussion, we
have analysed the substitution of the ROTS for a solution storage, that will increase the content of Na(OH)
during operation. The simplified conceptuak process is depicted in fiigure 4 The size of the facility has been
set to the processing of 1 kg/s of sodium, what is considered representative for a full scale district heating.



Figure 3: Normalised energy generation vs. Na in excess of water. [5]

Such sodium consumption corresponds to a heat plant of 13.5 MW. In this first analysys we have designed
the service heat exchanger for district heating ∆T = 10oC heating water from, 60 to 70 oC. In the case of
the the application to district cooling, that may require higher temperatures, for instance, to drive absorption
chillers, such service temperature may be upgraded by certain change in the set-points, as pressure and outlet
temperature, of the reactor.

Figure 4: Conceptual design of a simplified process with Na(OH) solution recirculation

Pressure is one of the main parameters to avoid water vaporization from the reactor. The pressure into the
reactor and the product and reactant loops will depend on the temperature that is intented to reach. In this case,
we have fixed a pressure of 10 bar, providing a balanced between losses by water vaporization, compressor
consumption and material requirements. For 10 bar, the outlet tempetature from the reactor has been set
at 140 ºC, adjusting the reactants mass flow (water and sodium) to control the heat that is produced in the
mixture. Water excess defined as the ratio of total water to the reactor respect to the stechiometric water of the
reaction is 62. Water inyection allows the control of the temperature into the reactor preventing overheating.
The total efficiency of the facility is defined from the heat power to the district heating (QDH ), the total heating
value of the complete oxidation of sodium (including hydrogen combustion, HVtot ) and the auxiliary electric
consumption (compressor, pumps,) (Paux ):



η =
QDH

HVtot + Paux
=

14093kW
14206kW + 551kW

= 0.95 (8)

The mass balance of the facility is descibed in table 3, with the temperature and pressure of each main stream.
The main process data for the facility are sumarised in table 4.

Table 3: Main process mass balance datasheet

Stream massflow (kg/s) T (oC) P (bar)
Fresh water 0,8 15 1

Pure water from ROTS 50.1 80 10
Aire 1. 513 15 1

Water to reactor 50.9 78.92 10
Sodium supply 1 15 10
Liquid sodium 1 98 10

Solution to heater 51.9 140 10
Pure Na(OH) 1.75 80 10
Water to DH 335.1 70 1

Table 4: Main process energy balance datasheet

Equipment Power (kW) Specific consumption (Wh/kgwatertoDH )
Auxiliaries 550.3 0.047

Water pump 0.95 8.2 · 10−4

Heaters 6035 0.52
Heat power to DH (QDH ) 13540 -

Thermal losses APS 245.3 0.02

5. Conclusions
There is a need for disrupting technologies that could deiversify the available tools to tackle the enormeous
challenge of the global climatic crisis. There is a general consensus about the need to shift from a fossil-based
society to a more sustainable system that could be more integrated into the natural mass and energy balance
of the Earth, reducing as much as possible the impact of the current human activity. That transformation should
find alternatives to carry out succesfully such deep systemic changes. Some technologies are on the table.
In paricular renewable based primary sources as wind and solar are having every year a more important role.
Nevertheless, additional technologies are needed to complement and be added to those sources to solve some
of theur limitations as management capacity, inttermitency and storage.
The utilization of sodium as energy vector has been scarcely developed. In this communication we have de-
scribed how sodium may be considered as an energy vector, with storage capacity and potential of application
to end users. In this case, we introduce a district heating (that may be extended to cooling) facility that provides
heated water with a reasonable efficiency (95 %), comparable with existing boilers, with storage capacity if a
sodium electrolytic section is added. In that case, a circular operation Na-Na(OH) will have a potential efficiency
very similar with other Power-to-Heat or Power-to-Power storage technologies, as thermal storage, Carnot bat-
teries [15] and better than electrolitic hydrogen (electrolyser-fuel cell combination, Power-to-Heat) [14]. Heat
pumps offers as well a good solution to impove efficiency of district heating solutions depending on the ∆T
that they should provide, with Coefficients of Performance (COP) between 3 and 5, but must add as well
Power-to-Power energy storage to integrate energy management cost.
The description of the facility includes a definition of the process with its functional blocks, as well as the mass
and energy balance, to process 1 kg/s of sodium, estimating the water excess that should be needed to keep
the temperature and pressure conditions to reasonable thermal losses and auxiliary energy consumption.
Further work will apply a complete parametric analysys of the facility design to optimize efficiency and de-
scribe more in detail the facility to operate to use surplus renewable electricity production for heating delivery,
adding management and storage capacity to decarbonised electric grid, and coupling electric and thermal net-
works. A lot of work should be done to evaluate the application of this technology to low/medium temperature
applications as district heating, as well as high temperature application including thermal conversion to power.
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Nomenclature
ne: Electrons involved in the redox reaction.
E0: Standard electrochemical potential (V)
G0: Gibbs energy in standard conditions (MJ/kg)
hfg,NaCl : Latent heat of NaCl
QDH : Heat power to the district heating (kW)
HVSWR : Heating value of the reaction (kW)
Qaux : Auxiliary heating power in the process (kW)
Paux : Electric power consumption in the process. (kW)
WFS: Water feed system
SFS: Sodium feed system
SWR: Sodium-water reactor
HDH: Heat exchange to District Heating System
ROTS: Reactor outflow treatment system
APS: Air Purge System

References
[1] Marques, A. C., Junqueira, T. M. European energy transition: Decomposing the performance of nuclear

power. Energy 2022; 245: 123244

[2] Singh, S. P., Ku, A. Y., Macdowell, N., Cao, C. Profitability and the use of flexible CO2 capture and storage
(CCS) in the transition to decarbonized electricity systems . International Journal of Greenhouse Gas
Control 2022; 120: 103767

[3] Weger, L., Abánades, A., Butler, T. Methane cracking as a bridge technology to the hydrogen economy.
International Journal of Hydrogen Energy 2017; 42: 720-731

[4] Liu, L., Qu, J., Maraseni, T. N.; Niu, Y., Zeng, J.; Zhang, L., Xu, L. Household CO2 Emissions: Current
Status and Future Perspectives . International Journal of Environmental Research and Public Health 2020;
17
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Abstract:  

This article describes thermal flexibility of building methods at a district level considering different level of 
details of building models, illustrated by a case study in a newly built district in Grenoble. Heat represents a 
huge part of final consumption (81% for the residential sector, 60% for the industry), so district heat networks 
represents a major action lever towards energy transition. In previous work, a mix thermal and electric 
architecture has been designed and described at district level. This architecture has been upgraded to 
simulate the thermal building flexibility and integrate model-predictive controllers. Therefore, this upgrade 
considers a tool for co-simulation between an optimization problem modeler and several simulation models 
(an electric model and a set of models for the thermal simulation). On the optimization side, we considered 
one to eight buildings to be flexible in the district, and assess the impact of its flexibility on the system. A 
refinement of their flexibility potential is one difficult key aspect of this study, considering a complex multi-
vector MILP model. The calibration process has been developed in order to identify the optimization model of 
this flexible equivalent building. On the simulation side, the simulation models are divided into: the production, 
the heat network, the heat distribution at building level and the building.  

Keywords:  

Thermal Flexibility, Multi-vector energy, district scale, Co-simulation, MPC.  

1. Introduction  
In a context of climate change, research in the efficient energy management field have greatly improved.  

Complexity in the energy network have raised by including more and more renewable energies at a local 
scale [1], a deeper coupling between different energy vectors [2] and a multiplicity of storage system [3]. 
Aiming a reduction of the carbon emission, building, especially residential building, represent a massive 
impact as a third of the global energy consumption and a quarter of the carbon emissions [4]. To tackle this 
factual state according to the energy context, researchers are currently studying a new approach considering 
the building as a flexible element in energy systems.   

2. State of the art  
Considering its thermal inertia, building can be a flexibility tool in the same way as Electrical Vehicles in the 
control strategy at district scale. Its impact grew by considering coupling network such as thermal-electrical 
coupling. In order to integrate flexibility of buildings, solutions such as cosimulation ([5], [7], [8]) or aggregation 
([6], [8], [11], [12]) have been explored. The main issue is the complexity of the model that can be:  

▪ Physical model, with different levels of complexity ([5], [6], [7], [10], [11], [12])  

▪ Data-based model driven from physical simulation ([8], [9])  

Considering the aggregated approach, despite solid results and processes, it seems lacking some level of 
fineness in the study of flexibility of each building at district scale. On the cosimulation side, a classic control 
is applied which have proven its robustness but is not perfectly adapted to flexibility.  

Thus, in this article, we propose to study the impact of thermal flexibility of building at district scale, with an 
individual approach for building simulation. We enhance a cosimulation process including Model Predictive 
Control (MPC) [13] in the loop in order to take benefit from the flexibility approach.  

First, we present the main tool and method included in the cosimulation approach carried by the cosimulation 
engine PEGASE. Then, we present the theoretical aspects of the multi-vector cosimulation via the thermal 
models, the electrical models and the Mixed Integer Linear Programing (MILP) model used to determine the 
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optimised control strategy. Finally, we present a use case based on a real district Cambridge in which we 
study the impact of thermal flexibility from none to ten building.   

3. Tools and methods  
In this section, we present the methods and tools used in our work.  

This work focuses on the management of district energy systems providing electricity and heat (Domestic Hot 
Water DHW and Space Heating SH) through a coupling between electric and heat network including 
renewable energy and storage.   

3.1.  Multi-Energy Networks Case Study  

To illustrate our approach, we use a district-scale multi-energy network case study presented in previous 
works ([13], [14], [15]). This case study is inspired from the Cambridge district, based in Grenoble: it takes 
into account the electric, space heating (SH) and domestic hot water (DHW) needs of the buildings, and the 
objective is to satisfy them is an optimal way using a combination of renewable energy sources, storage and 
district heat network and the power distribution grid. Table 1 recalls some of the energy systems considered. 
A more detailed description of the case study can be found especially in [15].     

Table 1. List of the energy system considered in this work.  

Production  

Photovoltaic panels  Electric loads from building  

Cogeneration  Thermal Energy Storage  Heat loads  

Heat pumps  Fuel cells  DHW consumption  

Solar panels  Electric Vehicles    

Gas Boiler      

In the current work, we especially study the impact of thermal flexibility at building level on the energy 
management at district level.  

3.2. Co-simulation and Model-Predictive Control Approach  

In order to account for the dynamic behaviour and complex control of such a multi-energy coupled system, 
we use a co-simulation and model-predictive control (MPC) approach. More precisely, we use the PEGASE 
tool [15] to couple an optimisation model with several dynamic simulation models it controls. Thanks to the 
cosimulation process, a complex multi-vector system at district scale can be scattered into several 
subsystems, for which specific software are chosen.   

Figure 2 shows the overall process and presents the main components involved:  

▪ A model of the electric distribution network (“Electric Model”), including photovoltaic (PV) production and 
electricity storage  

▪ Three thermal models, for the District Heating production systems (“DHN Model”, standing for District 
Heating Network model), for the buildings (“Building Model”) and for the internal heat distribution in the 
building (“HDC Model”, standing for Heat Distribution Circuit).  

▪ An optimisation model, based on the Mixed Integer Linear Programming (MILP) formalism (“MILP Problem 
Solver”)   

All dynamic simulation models are encapsulated using the standard Functional Mock-up Interface. To perform 
the MPC process, the MILP problem is solved recursively with a rolling horizon, using a commercially available 
MILP solver (see [15] for details).  



 

Figure 1. General principles of co-simulation driven multi-vector energy management. (Source: Authors)  

3.3. Dynamic simulation models   

This section describes more in details the dynamic simulation models used in the case study. It should be 
noted that these models are designed in a rather generic way, with parameters adapted to the case study. 
Also, the use of the co-simulation approach and FMI standard enables using the most adapted software to 
design each of them.   

3.3.1. District-scale electric distribution network  

This model is presented more in details in [14]. The electric network is scattered into subsystems such as:  

▪ Building electric load using precalculated timeseries  

▪ PV plants using solar irradiation and exterior temperature timeseries in order to provide their electricity 
production at each time step  

▪ Electrical storage considering an electrochemical model and an inverter model  

▪ Electrical grid consisting of a power balance of all components.  

This model is implement using Matlab-Simulink [16] with a library of specific models dedicated to electric 
smart grid simulation.  

3.3.2. District-scale heat production systems  

Figure 2 from Rava et al. [14] describes the thermal model included into this work. This model is composed 
of four different type of energy systems:  

▪ Controllable generators (Pi) such as cogeneration or heat pump  

▪ Non-controllable generators (Rj) such as solar thermal field  

▪ Storages (Sk) such as heat storage  

▪ Load-tracking generator (LT) such as a gas boiler  

In this model, the boundary conditions are the global heat set point imposed to generators by the controller 

(𝑄𝐷𝐻𝑁), and the inlet temperature (𝑇𝑟𝐷𝐻𝑁) on the inlet side and the outlet temperature (𝑇𝑑𝐷𝐻𝑁). We consider a 

constant flow rate (𝑚̇  𝐷𝐻𝑁)  

  
Figure 2. Schematic representation of the model of the thermal network production plant. (Source [14])  



This model is implemented using Modelica [17], an object-oriented simulation tool that can simulate a various 
kind of thermo-dynamics simulation.   

3.3.3. Buildings   

Dynamic models are developed to represent several buildings of the district. Each building is considered as 
one thermal node. Given the footprint, the number of levels, the number of apartments and a global window 
area ratio of a building:  

▪ The thermal zone is extruded from the footprint up to the total height of the building (3m by level)  

▪ External surfaces are composed of layers with respect of typical thermal resistance values for French  

▪ Building (typology LC24 in the PROFEEL project methodology)  

o Vertical surface : 5.3m².K/W;  

o Floor : 4.6m².K/W;  

o Ceiling : 6.5m².K/W;  

▪ A global double glazing window is considered on each external surface with respect to the window ratio of 
the external surface;  

▪ The 2012 French Thermal Regulation internal gains scenario, calculated according to the number of person 
in the building, is considered to reproduce the presence of inhabitants and their occupations;  

▪ The air of the building is renewed considering air infiltration (1.2m3/h/m² @4Pa) and mechanical ventilation 
(0.3Vol/h).  

Building simulations are carried out with the EnergyPlus software. EnergyPlus [17] is a validated and 
physicsbased Building Energy Simulation (BES) program used worldwide by researches, engineers and 
architects, and is developed by US Department of Energy. EnergyPlus building models are exported as FMUs 
using the energyplus-fmus export tool, considering the heat supplied by heat emitters as input, and the air, 
operative and ambient temperature as outputs.  

3.3.4. Heat Distribution Circuit (HDC)   

Since previous work [20] illustrated the impact of the thermal inertia of heat distribution circuits on flexible 
building control strategies, we included a detailed heat distribution circuit for each building in our simulation. 
Figure 3 represents the model of the secondary heat loop for each building.  

 
Figure 3. Schematic representation of the Heat Distribution Circuit model and its interaction with other 

models. (Source:  

Authors)  

The model simulates the inertia of the distribution circuit and controls the building model temperature. It is 
composed of:  

▪ A radiator providing heat to the thermal zone of the corresponding building (Qrad)  

▪ A pump providing the proper flow rate (mflow) to ensure the set point temperature  

▪ A three-way valve (T_WV) used in order to control the input temperature of the radiator (T in,rad) according 
to a heating law based on the outdoor temperature (TOutDryBuld).  

▪ Two pipes (after the valve and before the return loop) which simulate the inertia of the distribution circuit.  



In addition, it takes into account the meta-control coming from the MILP model. Thus, a maximal value of heat 
is set to limit the heat provided to the building model according to the control strategy determine by the MILP 
model on the horizon.  

3.4.  Optimisation models for Model-Predictive Control  

A Mixed Integer Linear Programming (MILP) model is used to compute an optimised strategy of control 
considering the overall multi-vector system. The MILP model is built using the in-house Persee software [20], 
which provides building blocks for multi-energy systems similarly to other tools, e.g. OmegAlpes [21].   

3.4.1. MILP model for the Multi-energy networks  

Figure 4 gives an overview of the MILP model of a multi-vector system based on previous work [15, 16].  

  

Figure 4. Design of an example of a complex multi-vector optimisation model at district scale. (Source: 

Authors)  

The specificities of PERSEE enable the multi-vector modeling with complex system, including renewable 
energies. Using the model depicted by Figure 4 as an example, there are two energy vector:  

▪ Heat vector   

o Production side  

 Thermal solar panels models: imposed thermal power injection into the system 
between min and max forecast time series  

 Gas boiler model: Thermal production from fuel gas into thermal  

o Storage side  

 Thermal storage: Storage model as a water tank considering energy power o 

Consumption side  

 Heat needs: imposed heat extraction from a pre-existing heat profile  

 DHW needs: imposed DHW extraction from a pre-existing DHW profile  

▪ Electric vector  

o Production side  

 PV panels: imposed electrical power injection into the system, between min and max 
forecast time series  

 National electrical grid: computed flow injection or extraction to real or fictive grid 

o Storage side  

 Electro-chemical storage: batteries tank model with power map limitation  

o Consumption side  

 Electrical needs: imposed electric extraction from a pre-existing electric need profile  

▪ Coupling elements   

o Heat pump: heat pump model consuming electricity to produce Heat and possible Cold 

o Cogeneration: thermal production from 3 input flows with optional electrical cogeneration  



3.4.2.  Flexible MILP model for flexible buildings  

Figure 5 represents the building flexible MILP model implemented in PERSEE from previous work by Aoun 
et al. [22].  

 

Figure 5. RC Model from which the building flexible MILP Model is inspired. (Source [24]) This 

model consists in the set of constraints and objective as follow (1):  

𝑚̇𝑖𝑛(𝑑𝑡ℎ. ∑ [𝑐𝑇 . Φ𝑡 + 𝛷𝑚𝑎𝑥. 𝑐𝑚𝑒𝑎𝑛 . 𝛥Tt + 𝜆𝑙𝑜𝑠𝑠𝑒𝑠 .  𝛷𝑚𝑎𝑥 . 𝑐𝑚𝑒𝑎𝑛 . (𝑇𝑡
𝑐𝑖𝑟 − 𝑇𝑡

𝑎𝑖𝑟)]𝑡∈𝑇 )

{
 
 
 
 

 
 
 
 𝐶

𝑎𝑖𝑟 .
𝑑𝑇𝑎𝑖𝑟

𝑑𝑡𝑠
= 𝑈𝑎𝑖𝑟

𝑒𝑥𝑡 . (𝑇𝑡
𝑒𝑥𝑡 − 𝑇𝑡

𝑎𝑖𝑟) + 𝑈𝑎𝑖𝑟
𝑒𝑛𝑣 . (𝑇𝑡

𝑒𝑛𝑣 − 𝑇𝑡
𝑎𝑖𝑟) + 𝑈𝑎𝑖𝑟

𝑚𝑎𝑠 . (𝑇𝑡
𝑚𝑎𝑠 − 𝑇𝑡

𝑎𝑖𝑟) + 𝑈𝑎𝑖𝑟
𝑒𝑚 . (𝑇𝑡

𝑒𝑚 − 𝑇𝑡
𝑎𝑖𝑟) + 𝐾𝑎𝑖𝑟 . 𝐼𝑡

𝑠𝑜𝑙

𝐶𝑒𝑛𝑣 .
𝑑𝑇𝑒𝑛𝑣

𝑑𝑡𝑠
= 𝑈𝑒𝑛𝑣

𝑒𝑥𝑡 . (𝑇𝑡
𝑒𝑥𝑡(𝑡) − 𝑇𝑡

𝑒𝑛𝑣) + 𝑈𝑎𝑖𝑟
𝑒𝑛𝑣 . (𝑇𝑡

𝑎𝑖𝑟 − 𝑇𝑡
𝑒𝑛𝑣) + 𝐾𝑒𝑛𝑣 . 𝐼𝑡

𝑠𝑜𝑙

𝐶𝑚𝑎𝑠 .
𝑑𝑇𝑚𝑎𝑠

𝑑𝑡𝑠
= 𝑈𝑎𝑖𝑟

𝑚𝑎𝑠𝑠 . (𝑇𝑡
𝑎𝑖𝑟 − 𝑇𝑡

𝑚𝑎𝑠(𝑡)) + 𝐾𝑚𝑎𝑠𝑠 . 𝐼𝑡
𝑠𝑜𝑙

𝐶𝑒𝑚.
𝑑𝑇𝑒𝑚

𝑑𝑡𝑠
= 𝑈𝑎𝑖𝑟

𝑒𝑚 . (𝑇𝑡
𝑎𝑖𝑟 − 𝑇𝑡

𝑒𝑚(𝑡)) +  𝛹𝑡

𝐶𝑐𝑖𝑟 .
𝑑𝑇𝑐𝑖𝑟

𝑑𝑡𝑠
= 𝜂𝑐𝑖𝑟 . 𝛷𝑡 − 𝛹𝑡

𝛹𝑡 ≤ 𝑚̇𝑚𝑎𝑥 . 𝑐𝑝. (𝑇𝑡
𝑒𝑚(𝑡) − 𝑇𝑡

𝑐𝑖𝑟)

(1) 

In this model, two distinct parts are considered:  

▪ The building part where the air (𝑇𝑎𝑖𝑟 for the air temperature, 𝐶𝑎𝑖𝑟 for the air capacity and 𝐾𝑎𝑖𝑟 for the air solar 

gain factor), the building envelope (𝑇𝑒𝑛𝑣, 𝐶𝑒𝑛𝑣 and 𝐾𝑒𝑛𝑣), and the thermal mass of the building (𝑇𝑚̇𝑎𝑠, 𝐶𝑚̇𝑎𝑠 
and 𝐾𝑚̇𝑎𝑠) are modelled. The interactions between those thermal nodes and with the outdoor are taken into 

account with the thermal inductances (exterior/air (𝑈𝑎𝑖𝑟
𝑒𝑥𝑡), envelope/air (𝑈𝑎𝑖𝑟

𝑒𝑛𝑣), mass/air (𝑈𝑎𝑖𝑟
𝑚𝑎𝑠

 )).  

▪ The HDC part where the circuit (𝑇𝑐𝑖𝑟 for the inlet circuit temperature, 𝐶𝑐𝑖𝑟 for the circuit capacity) and the 

emitter (𝑇𝑒𝑚̇ and 𝐶𝑒𝑚̇) are modelled, considering their interaction with the air via the emitter (𝑈𝑎𝑖𝑟
𝑒𝑚).  

𝛷𝑡  represents the boundary condition with the heat transferred by the primary loop of the HDN and 𝛹𝑡 
represents the heat transfer between the emitter and the circuit.   

3.5. Calibration of the MILP model for Flexible buildings  

Calibration of building model is a complex process. In this work, the MILP model needs to be calibrated to 
have similar thermal inertia as its EnergyPlus twin.   

Figure 6 depicts the process of calibration applied on this study.  

 



Figure 6. Process for calibration of optimization building model for flexibility (Source: Authors) 

This calibration consists in two phases with two options for the second phase.  

3.5.1. Phase one: initial parameters estimation  

Figure 7 depicts the reduced model used in the phase one of calibration   

  

Figure 7. Reduced model used in the first phase of calibration process (Source: CEA)  

This phase consists in the identification of the thermal parameter of the building considering this reduced 
model using a heat profile with night reduction as an input:  

▪ The overall heat transfer coefficient of the building: determined in the night period following an empiric 

relation between this heat transfer coefficient and the difference between the indoor temperature and the 
outdoor temperature.  

𝑄𝐻𝑒𝑎𝑡 = 𝑈𝐴. (𝑇𝑖𝑛𝑑𝑜𝑜𝑟 − 𝑇𝑜𝑢𝑡𝑑𝑜𝑜𝑟)                          (2)  

▪ The total building capacity: determined using an empiric relation between the morning peak (𝑄𝑚̇𝑜𝑟𝑛𝑖𝑛𝑔 when 

the setpoint passes from the night to the day mode) and the descending phase of the evening peak (𝑄𝑑𝑜𝑤𝑛,𝑣𝑒 
when the setpoint temperature passes from the day to the night mode) and night and day setpoint 

temperatures (respectively 𝑇𝑛𝑖𝑔ℎ𝑡 and 𝑇𝑑𝑎𝑦).  

𝐶𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 =
𝑄𝑚𝑜𝑟𝑛𝑖𝑛𝑔−𝑄𝑑𝑜𝑤𝑛,𝑒𝑣𝑒

𝑇𝑑𝑎𝑦−𝑇𝑛𝑖𝑔ℎ𝑡
                    (3) 

▪ The heat distribution circuit (HDC) capacity: determined by using an empiric linear relation with the 
descending phase of the evening peak.  

𝐶𝐻𝐷𝐶 =
𝑄𝑑𝑜𝑤𝑛,𝑒𝑣𝑒

15
                               (4) 

▪ The solar coefficient aperture: determined by evaluating the total energy gain of the building during the 
solar period. Then, solar gain are obtained by subtracting the total energy the emitter heat and the internal 
gain from energy plus simulation. 

𝐾𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 =
UA.(Tindoor − Toutdoor)−Qint−𝑄ℎ𝑒𝑎𝑡

Irr
                           (5) 

The parameter of the reduced model are then used in order to give a first-phase value (FPV) for each 
parameter of the PERSEE building model. The table 2 details their relation: 

Table 2. List of the energy system considered in this work.  

Persee parameter Relation with reduced model parameters 

𝐶𝑎𝑖𝑟, 𝐶𝑒𝑛𝑣, 𝐶𝑚𝑎𝑠 
𝐶𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

3
 

𝐶𝑐𝑖𝑟, 𝐶𝑒𝑚 
𝐶𝐻𝐷𝐶
2

 

𝑈𝑎𝑖𝑟
𝑒𝑥𝑡, 𝑈𝑎𝑖𝑟

𝑒𝑛𝑣, 𝑈𝑒𝑛𝑣
𝑒𝑥𝑡 , 𝑈𝑎𝑖𝑟

𝑚𝑎𝑠 η𝑈𝑥𝑥𝑥 ∗ UA 

  

𝐾𝑎𝑖𝑟, 𝐾𝑒𝑛𝑣, 𝐾𝑚𝑎𝑠 η𝐾
𝑥𝑥𝑥 ∗ Kbuilding 

𝑈𝑎𝑖𝑟
𝑒𝑚  

(
Φℎ𝑒𝑎𝑡
𝑛𝑜𝑚

Δ𝑇𝑛𝑜𝑚
)1.33  

and Δ𝑇𝑛𝑜𝑚 =
T𝑜𝑢𝑡,𝑛𝑜𝑚
𝑒𝑚 +T𝑜𝑢𝑡,𝑛𝑜𝑚

𝑒𝑚

2
− 𝑇𝑠𝑒𝑡𝑝𝑜𝑖𝑛𝑡

𝑎𝑖𝑟
 

η𝑈𝑥𝑥𝑥  and η𝐾
𝑥𝑥𝑥 are extrapolating from the Building 2022 parameter in Table 2 of [24]. 

3.5.2. Phase two: refined parameter estimation  



In order to refine the estimation of parameters, we use a Particle-Swarm Optimisation (PSO [23]) algorithm 
to identify the parameters using the MILP model for calibration. For a calibration assessment purpose, we 
choose a specific indicator, based on the root-mean-square error (RMSE) between observed and measured 
air temperature profiles and observed and measured heat profiles: 

𝑅𝑀𝑆𝐸 =
𝑟𝑚̇𝑠𝑒ℎ𝑒𝑎𝑡 + 𝑟𝑚̇𝑠𝑒𝑡𝑒𝑚𝑝

2

𝑟𝑚̇𝑠𝑒ℎ𝑒𝑎𝑡 =
𝑡𝑓

Δt
√∑

(Φ̂ℎ𝑒𝑎𝑡 −Φℎ𝑒𝑎𝑡)²

𝑚̇𝑎𝑥(Φ̂ℎ𝑒𝑎𝑡 −Φℎ𝑒𝑎𝑡)

𝑡𝑓

0

𝑟𝑚̇𝑠𝑒𝑡𝑒𝑚𝑝 =
𝑡𝑓

Δt
√∑

(T̂𝑎𝑖𝑟 − T𝑎𝑖𝑟)²

𝑚̇𝑎𝑥(T̂𝑎𝑖𝑟 − T𝑎𝑖𝑟)

𝑡𝑓

0

 

The calibration with the MILP model in the loop consist in two steps. Figure 8 details the first step. 

 

Figure 8. Heuristic method for refining the search step (Source: Authors)  

At this stage, we aim to refine the search space for each parameter of the Persee model. The parameters are 
aggregated by their specificities as follow: 

▪ Solar aperture coefficients (𝐾𝑎𝑖𝑟, 𝐾𝑒𝑛𝑣, 𝐾𝑚𝑎𝑠) are aggregated within Ksol 

▪ 𝑈𝑎𝑖𝑟
𝑒𝑚 and 𝑈𝑎𝑖𝑟

𝑚𝑎𝑠 are treated individually because of the specificity of their extrapolation. 

▪ 𝑈𝑎𝑖𝑟
𝑒𝑥𝑡, 𝑈𝑎𝑖𝑟

𝑒𝑛𝑣, 𝑈𝑒𝑛𝑣
𝑒𝑥𝑡  are aggregated within UA 

▪ 𝐶𝑐𝑖𝑟, 𝐶𝑒𝑚 are aggregated within CHDC 

▪ 𝐶𝑎𝑖𝑟, 𝐶𝑒𝑛𝑣, 𝐶𝑚𝑎𝑠 are aggregated within Cbat 



Beforehand, the order of this heuristic algorithm has no importance, except for the solar aperture coefficient. 
Thus the error defers from the one from (6) by considering the RMS only during solar period. At each stage, 
the best-fit coefficient is selected from the assessment sample. This assessment sample is defined around the 
FPV. A discretization of the sample enables to assess 100 to 300 assessment in which we keep the value with 
the lowest RMSE. In the end, a new set of refined parameter is determined using their corresponding best-fit 
coefficient and their FPV. 

4. Results  

4.1. Simulation Hypothesis  

▪ Optimisation:  Considering the optimisation part, we consider a constraint in CO2 emission rate at district 
level of 20000kg and an economic objective function. The feed-in-tariffs of electricity consists in a 
conditioned one to day-and-night time slots.   

▪ MPC and cosimulation: The horizon of the MPC, the time slots within the optimisation runs, is a 36 hours 
period. Both optimisation and simulation considers a 1 hour time step. Then, the co-simulation runs with a 
timeshift of 1 hours meaning that the control strategy is recalculated every timestep. The cosimulation runs 
during 60 days. 

▪ Thermal production: On the thermal model part, the impact of the flexible building on its flowrate is 
neglected. We consider it as a constant value. The overall district heat production is adapted by considering 
the building flexible integrated in the district. The heat profile of each flexible building is subtracted from the 
district heat profile. 

▪ Building model: At our current state of work, we consider a monozone building model and HDC model. 
Considering multi-zone building model in order to evaluate its effect on the calibration and flexibility is a 
perspective for further studies. 8 building on the 13 are modelled. 

▪ Calibration: The full calibration process is set for five buildings; the first heuristic results are applied on 
others.  

4.2. Calibration Results 

For this case study, we applied the full calibration process presented in section 3.5. for the five main buildings. 
For the three last, the process end at the heuristic step of the second phase. In order to evaluate the calibration 
performances, the table 3 records the RMS for each building at each stage, in addition with a test of the 
performance of PSO algorithm using the unrefined search space. Considering the two PSO, we defined their 
search space giving the same minimal and maximal coefficient. 

Table 3. Recording of RMS during the calibration process.  

Buildings RMSE with FPV RMSE after 
refinement 

RMSE with unrefined 
PSO 

RMSE with refined 

PSO 

CastelO 0.09359 0.06114 0.08039 0.06089 

Panache 0.10103 0.07276 0.08729 0.07303 

Python 0.07741 0.03935 0.06536 0.03924 

Up 0.11137 0.09039 0.09707 0.0857 

Zenae 0.09712 0.03566 0.07720 0.03453 

Novae 0.05511 0.03210 - - 

Thales 0.07851 0.03514 - - 

Soleil 0.06842 0.06130 - - 

Figure 9 focuses on the two extreme buildings 

 

(a) 



 

(b) 

Figure 9. Focus on two buildings a) building obtaining the worst amelioration with refining b) building 

obtaining the best amelioration with refining (Source: Authors)  

At this stage, the refining seems to have a positive effect on the global error, considering the chosen indicator. 
At best case, the amelioration is around 60% from the first phase calibration with a mean value of 38% with 
the heuristic algorithm and 40% with refined PSO. The worst case is interesting because the PSO algorithm 
have found a slightly less performant set of parameter than the heuristic algorithm. Moreover, the gain from 
PSO is a mean of two point compared to the heuristic. Two possibilities can explain this fact. Firstly, the 
heuristic algorithm differs from the PSO on the solar aperture assessment. Indeed, for the heuristic algorithm, 
we have chosen to evaluate only the solar timeslots as those coefficients have no effect without solar irradiation 
on the model. Secondly, we have neglected a proper study on the configuration of the PSO, which could lead 
to underestimated performances. Section 4. Presents areas of improvement considering the calibration phase.   

4.3. Co-simulation results  

The main difficulty for the MILP model is to determine the flexibility coefficient for each flexible building model. 
This coefficient is set first using a standalone optimisation on the horizon time. Figure 10 shows the result for 
the chosen flexibility coefficient. 

 

Figure 10. Optimal Air temperature from MILP Model on the horizon time (Source: Authors) 

The multi-vector system is quite complex, leading to a difficulty to find a satisfying value for this coefficient. We 
applied this flexibility coefficient for the co-simulation. To give an idea of time solving for one building, a co-
simulation with one building takes 8 minutes to run and 23 minutes with 8 buildings 

Figure 11 shows the results concerning the co-simulation for one building. 



 

Figure 11. Set point temperature from MILP model profile and air temperature profile from building model 
(Source: Authors) 

At this stage, we can obtain an effect on the temperature set point of EnergyPlus building model. However, 
those results aren’t satisfying enough for one building and are the same kind for eight buildings. Further 
improvements would be necessary to obtain solid results at district scale.  

5. Conclusion   
This article presents a co-simulation procedure in order to process a flexibility assessment building by building. 
This co-simulation embeds an electric simulation model, a thermal model composed of a thermal production 
model, a heat distribution circuit model and a building model and a MILP model optimizer ensures MPC. The 
first aim is to calibrate the building models in order to implement them for co-simulation. A proper calibration 
procedure has been implemented with a satisfactory accuracy. Then we could test the co-simulation from one 
to eight buildings at district scale.  

For future work, the calibration process could be improved by assess the configuration of the PSO algorithm 
on the one hand. On the other hand, the PSO process could be improved by splitting the search of solar 
aperture coefficients from the other parameters. In doing so, we could hope obtaining better results for 
calibration. Then, a better training phase could be implemented to refine the calibration process. On the co-
simulation side, we would have to improve the flexibility coefficient study in order to find a procedure to set it. 
Another option that we would like to study is to reduce the time step from one hour to 10 minutes. Indeed, as 
we obtain decent computing time, this seems to be feasible. Reducing the time step of co-simulation could 
improve the sensitivity of the flexible building model and help to find a better flexibility coefficient. 
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(IEK-10), Jülich, Germany, a.xhonneux@fz-juelich.de
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Abstract:
Buildings contribute to approximately 30 % of global energy consumption, which renders their energy-efficient
control an effective measure to reduce overall energy consumption. This paper presents a hierarchical dis-
tributed Model Predictive Control (MPC) for building energy systems based on nonlinear Modelica controller
models. It combines hierarchical and distributed optimization approaches to split the optimization complexity
within the temporal and spatial dimension. The hierarchical optimization approach considers different dynamics
in complex building energy systems and ensures both anticipation for systems with high inertia and reactivity
with regard to errors in the forecasting of the disturbance quantities. The distributed optimization approach
divides the centralized optimization problem into subproblems to improve the scalability and adaptability of
the control framework. The subproblems are solved in a parallel and iterative manner and account for both
thermal (heat transfer over zone boundaries) and hydraulic inter-zone coupling (induced by a central, shared
Heating, Ventilation and Air Conditioning (HVAC) system). A particular focus of the control approach is placed
on robustness with respect to errors in the forecasting of the disturbances that impact the building dynamics.
The control performance of the proposed MPC framework is evaluated in a simulative case study of heating
and shading control of a nonlinear six-room-building Modelica model, which is exposed to different forecast
accuracies for the disturbances of occupancy, solar radiation and air exchange. The case study exhibits the
benefits of the control framework in terms of energy consumption, thermal discomfort and computation time in
comparison to a reference control concept of a non-hierarchical distributed MPC configuration.

Keywords:
Distributed MPC; Hierarchical MPC; HVAC; Model Predictive Control (MPC); Modelica.

1. Introduction
Approximately 30 % of global energy consumption and 27 % of CO2 emissions are attributed to the building
sector [1]. Heating, Ventilation and Air Conditioning (HVAC) systems contribute to a major extent to building en-
ergy consumption [2] and therefore, offer a large potential for an increase in energy efficiency and reduction of
energy consumption on a global scale. Currently, conventional control strategies as Rule-Based Control (RBC)
or Proportional-Integrative-Differential (PID) controllers are implemented in buildings due to their simplicity and
low computational requirements [3]. They represent inflexible and reactive (non-predictive) control approaches
that are unable to control inert systems with large time delays, to minimize energy consumption while operating
between comfort bounds as well as to consider system or comfort constraints and future disturbances.
Model Predictive Control (MPC) constitutes a promising control approach that addresses the aforementioned
challenges and exhibits various benefits and energy savings from 15 to 50 % [4] compared to the conventional
control strategies. The central part of an MPC is a model of the building energy system based on which
future system behavior is predicted and the building is controlled in an anticipatory manner minimizing a (multi-
objective) cost function over a prediction horizon. The predictive characteristic of the control suits inert systems
with time delays and integrates future disturbances, e.g., in the form of weather and occupancy forecasts.
Apart from this, conflicting optimization goals such as the simultaneous minimization of discomfort and energy
consumption as well as system and comfort constraints can be taken into account.
The model generation part is crucial for the implementation of an MPC as it consumes most of the project
time and costs [5]. Due to the unique characteristics of every single building, a modeling language has to
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be modular and flexible and support the user-friendly generation of (large-scale) building models. The mod-
eling language Modelica [6] complies with these requirements as it supports open-source, equation-based,
acausal and object-oriented modeling and is equipped with a user-friendly graphical interface for connecting
and parametrizing components. Modelica allows for the collection of building component models in shareable
libraries such as the Modelica IBPSA library [7] or extensions building upon this library.
If MPC is applied to large-scale multi-zone buildings, large and computationally complex optimization prob-
lems are created, which results in increased computation times. This can also lead to scalability issues when
the optimization problems cannot be solved in a suitable time restricting the real-time capability of the control.
Distributed MPC approaches tackle these challenges by splitting the central optimization problem into subprob-
lems, which are solved in a distributed manner while accounting for the interactions between the subproblems
[8].
On the other hand, buildings generally incorporate components and disturbances of different dynamics and
time scales. For example, low-temperature heating and cooling systems based on Thermal Activated Building
Systems (TABS) are characterized by a high thermal mass and large time constants requiring a long prediction
horizon. They are often complemented by secondary, more reactive actuators such as radiators or convectors,
where smaller prediction horizons and control periods are suitable. The simultaneous control of actuators of
different time scales and preservation of both anticipation and reactivity poses an additional challenge for the
application of MPC in buildings. An approach to tackle this challenge is hierarchical MPC, which splits the
optimization problem into layers of different dynamics [8].
Compared to the total number of studies on building MPC, the review of literature for MPC in large-scale build-
ings exhibits only a relatively small share of distributed optimization approaches. This may be attributed to the
nonlinear and nonconvex characteristics of building energy systems that complicate convergence of the dis-
tributed optimization approaches [4]. The most widely applied mathematical methods for distributed building
MPC are the primal-dual active-set method [9], Benders decomposition [10], dual decomposition [11], informa-
tion exchange [12], non-iterative look-up tables [13], Nash equilibrium [14, 15] or Alternating Direction Method
of Multipliers (ADMM) [16–19]. Among these, Nash equilibrium constitutes an uncooperative, parallel and it-
erative distributed optimization approach, which builds upon information exchange between subsystems. After
every iteration, each subsystem sends and receives updated trajectories for the coupling variables to/from
interconnected subsystems and solves its subproblem again. The subsystems converge to a ”Nash equilib-
rium” if for all subsystems, the local optimization results deviate less than a predefined threshold between two
consecutive iterations. Nash equilibrium is applied for considering thermal coupling based on exchanged local
temperature trajectories [14] or for taking into account hydraulic control input coupling [15]. ADMM represents
a distributed optimization approach with an iterative and cooperative structure, which is carried out mostly in
parallel. It is based on the augmented Lagrangian, i.e., the Lagrangian formulation plus an additional quadratic
penalty term for improved convergence and robustness compared to dual decomposition. ADMM makes use
of two sets of variables, which allows separating the central cost function and coupled dynamics as well as
splitting the problem into subproblems. The fulfillment of the coupling constraints between the different vari-
able sets is steered via dual variables penalizing the deviations within the cost functions. ADMM is applied
for considering thermal and hydraulic coupling [16], indoor air quality in rooms coupled by a central Air Han-
dling Unit (AHU) [17], maximum constraints on shared resources (e.g., maximum capacity of an AHU) [18] and
sharing problems (sum of local control variables is input to the global cost function) [19].
Hierarchical building MPC approaches are applied to split optimization problems into different layers with vary-
ing dynamics and time scales, which are controlled based on different prediction horizons and sampling pe-
riods. Abreu et al. [20] implement a hierarchical building MPC, which consists of a scheduling layer sending
output trajectories and power profiles to the lower layer with a shorter prediction horizon and sampling period.
The latter tracks the forwarded output trajectories while taking into account the constraining trajectory of the
power profile. Fiorentini et al. [21] implement a hierarchical MPC for the operation of an HVAC system including
an AHU coupled to a thermal storage. The upper layer with a longer prediction horizon and sampling period
calculates an optimal sequence of discrete operating modes, which are executed by the lower level while track-
ing a reference temperature sent by the upper level. Long et al. [22] develop a distributed hierarchical MPC
controlling a ventilated multi-zone building. An upper centralized layer calculates reference temperature trajec-
tories for a lower layer consisting of several local controllers, which solve their local problems in an isolated,
decentralized way based on local information and the upper temperature trajectories to be tracked.
In previous works, the concepts of hierarchical [23] and distributed [24] building MPC based on nonlinear
Modelica models have been individually developed. The hierarchical MPC splits the optimization problem into
two layers of different dynamics, which are equipped with different prediction horizons and sampling periods
to guarantee both anticipation and reactivity. The distributed MPC splits the centralized optimization problem
into subproblems and takes into account thermal and hydraulic coupling between building zones using an
optimization approach based on Nash equilibrium and ADMM. In this work, the hierarchical and distributed
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MPC approach are combined into one MPC framework and applied to a multi-zone building that incorporates
actuators of different dynamics. The control quality and the reactivity of the MPC are evaluated for different
scenarios of forecasting accuracy for the disturbance quantities. The forecast errors can be regarded as any
deviation between the predicted and actual real-world behavior of the building, which are expected to appear
in practical MPC implementations. By using the hierarchical distributed MPC approach, the complexity of the
original optimization problem is split in both the temporal and spatial dimension. This alleviates modular, local
high-accuracy modeling and at the same time, improves the scalability, real-time capability and adaptability of
the control approach.

2. Methodology
2.1. Distributed MPC
The methodology for the distributed MPC has been elaborated in [24]. The approach considers both thermal
and hydraulic coupling among different building zones and is executed in an iterative and parallel way. It is
based on an uncooperative optimization approach for thermal coupling using Nash equilibrium and a coopera-
tive approach for hydraulic coupling using ADMM. A central coordinator updates information and monitors the
convergence process of the overall optimization.
The uncooperative Nash optimization regards the room temperatures of neighboring zones as known distur-
bances and thereby, can calculate the heating flows exchanged over the local zone boundaries. After every
optimization iteration, the locally calculated trajectories for the local room temperatures are sent to the co-
ordinator. The coordinator forwards the temperature trajectories to all neighboring zones that are thermally
coupled to the corresponding zone and the local optimizations are executed again with updated trajectories for
the neighboring room temperatures. The local subproblems converge to the ”Nash equilibrium” if, for all local
subsystems, averaged over the MPC horizon, the absolute deviation of the local room temperature trajectories
between two consecutive distributed iterations does not deviate more than a prefixed Nash threshold.
The hydraulic coupling comprises interactions between the zones induced by a shared, central HVAC system.
In the case study in Section 3., the central HVAC system is constituted by a shared TABS in the form of
Concrete Core Activation (CCA) in the floor. TABS builds upon the activation of the thermal mass of a building
in the form of the concrete and offers passive storage capacities to shift the time between energy supply and
demand. Due to the high inertia of the thermal mass, one TABS/CCA section generally supplies multiple
building zones with similar thermal properties, demand or orientation [25], which introduces strong coupling
between the rooms. Within the case study, the central CCA consists of six identically dimensioned subsections
(one per room) and is controlled via one shared control input that regulates the supply water mass flow supplied
to each subsection. The hydraulic coupling is taken into account using a consensus ADMM approach. The
optimization problem is decomposed by introducing local copies of the global CCA control input for every
subsystem, which are optimized separately. Linear and quadratic ADMM terms are added to the cost functions
of both the local subsystems (1) and the coordinator (2) to coordinate the consistency between the local copies
and the global CCA control input. The coordinator monitors the convergence of the ADMM applying both a
primal and dual residual criterion according to [24, 26].
The communication structure of the overall distributed optimization approach is shown in Fig. 1. In every
distributed optimization iteration, the local subproblems (1) are optimized in parallel and the resulting local
trajectories for the CCA control input and room temperature are sent to the global coordinator. The global co-
ordinator uses the updated information to optimize the global cost function calculating new trajectories for the
global CCA control input (2). In the second step, the dual ADMM variables (Lagrangian multipliers) are updated
coordinating the consistency between the global and local copies of the CCA control input (3). The coordinator
checks the convergence status for both ADMM and Nash optimization according to the user-specified thresh-
olds. Then it forwards the trajectories for the global CCA control input, dual variables, local room temperatures
and the convergence status to the subproblems, which continue the local optimization procedures according
to the convergence status. If the subproblems have converged, they send the local control inputs for all actu-
ators to the global coordinator, which converts the local CCA control inputs into an averaged value and runs
a simulation over a sampling period (right branch). If the subproblems have not converged and the maximum
number of distributed iterations per MPC iteration is not exceeded, the subproblems are solved again based
on the new information sent by the global coordinator (left branch).
2.2. Hierarchical MPC
The hierarchical MPC divides the optimized problem within the temporal dimension into two layers of different
dynamics and time scales as proposed in [23]. For the upper, slow MPC layer, a longer prediction horizon and
sampling period are chosen, whereas for the lower, fast layer, the horizon and sampling period are smaller.
Thereby, the slow layer focuses on anticipation of the control, which is specifically suitable for inert systems
with time delay (e.g., TABS or thermal storage). Due to the small sampling periods of the fast MPC layer,
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Figure 1: Overall communication structure of the distributed MPC (inputs to local MPC: gray frame, outputs of
the local MPCs: black frame)

reactivity with regard to forecasting or unexpected influences can be ensured. The two layers communicate
via state reference trajectories that are calculated by the slow layer and are sent to the fast layer to be tracked.
Compared to a single MPC layer equipped with a long prediction horizon and small sampling period, the
combination of the two layers increases the probability to preserve real-time capability.
2.3. Hierarchical Distributed MPC
The scheme of the aggregated hierarchical distributed MPC toolchain for the six-room-building use case is
depicted in Fig. 2. Both the upper and lower hierarchical MPC layer are split into thermal zone subproblems in
a distributed way (for each of the six rooms). Within each MPC layer, the subproblems are solved based on the
distributed optimization approach based on Nash equilibrium and ADMM. An overall distributed MPC iteration
is terminated if, in both the upper and lower MPC layer, the convergence criteria for the Nash equilibrium and
ADMM are fulfilled or the maximum number of distributed iterations in one MPC iteration is exceeded. The cost
functions of the subproblems in the lower layer contain quadratic tracking terms for the room temperature tra-
jectories Tref,i calculated by the room equivalent on the upper layer. The reference trajectories are recalculated
in every distributed iteration of the upper MPC layer and the updated trajectories are forwarded to the lower
layer. After convergence, the control inputs of the lower MPC layer are applied to the simulation model and
based on the simulation results, the optimization states of the next optimization iteration are initialized both in
the upper and lower MPC layer.

Coordinator

Coordinator
Slow

dynamics

Fast
dynamics

Tref,1(t)

Room 1 Room 2 Room 3 Room 4 Room 5 Room 6

Room 1 Room 2 Room 3 Room 4 Room 5 Room 6

Tref,2(t) Tref,3(t) Tref,4(t) Tref,5(t) Tref,6(t)

Figure 2: Communication structure of the hierarchical distributed MPC

3. Case study
In a simulative use case, the hierarchical distributed MPC is applied to the six-room-building shown in Fig. 3.
The nonlinear model is generated based on the Modelica building simulation library AixLib [27] and comprises
rooms that are thermally coupled via inner walls and data-driven models for air flow through doors [24]. All
rooms are hydraulically coupled to a central, shared TABS implemented as CCA in the floor, which is operated
via a central control input regulating the supply water mass flow. Each room is equipped with an identically
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dimensioned CCA subsection, a convector, simplified pumps and an external window including external Vene-
tian blinds for active solar shading [23]. Two pumps per room supply the CCA subsection and the hydraulically
uncoupled convector with supply water mass flow rates calculated by the optimization (at fixed supply temper-
atures).
Control inputs of the subsystems are the local water mass flow rates to the convectors and the vertical position
and inclination angle of the Venetian blinds. The shared control input of the central mass flow rate to the CCA
applies to all subsystems. For occupant comfort, both thermal and visual comfort (minimum illuminance of
500 lux in occupied times) are considered. During the occupied periods (8 a.m.–12 p.m. and 1–6 p.m.), there
is one person in rooms 3 and 5, two persons in rooms 1 and 6 and three persons in rooms 2 and 4. During
unoccupied times the thermal comfort ranges are broadened according to a night set-back (occupied times:
293–295.5 K, unoccupied times: 292–296.5 K). Weather data is integrated based on an AixLib resource file of
San Francisco, which represents a heating period. No model mismatch between the MPC controller and the
simulation model is assumed to focus on the control performance of the hierarchical distributed MPC.
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Figure 3: Building structure consisting of six thermal zones

For every subsystem i ∈ N , the following local optimization problem is solved (for distributed iteration k + 1,
the last term of the cost function including Tref,i is omitted for the upper hierarchical layer):

{uconv,i , uCCA,local,i , ual,i , uposShad,i , uinclAng,i , εi , ε̄i}k+1 = argminuconv,i ,uCCA,local,i ,ual,i ,uposShad,i ,uinclAng,i ,εi ,ε̄i∫ tf

t0
[αconv · uconv,i · (Tsupply,conv,i − Treturn,conv,i ) + αCCA · uCCA,local,i · (Tsupply,CCA,i − Treturn,CCA,i )+

αLight · ual,i + θ · (εi
2 + ε̄2

i ) + λk
Dual,CCA,i · (uCCA,local,i − uk

CCA,global) + ρ/2 · (uCCA,local,i − uk
CCA,global)

2
+

γ · (Troom,air,i − Tref,i)2] dt (1)

The local cost functions (1) consist of the energy consumption of the convector, CCA and artificial lighting
as well as discomfort (quadratic penalization of temperatures outside the comfort range through introduced
slack variables εi and ε̄i ). The terms are complemented by the linear and quadratic ADMM terms taking
into account the consensus between the local and global CCA control variables (based on the Lagrangian
multipliers λk

Dual,CCA,i and the ADMM penalty parameter ρ). The last term in the cost function applies only
to subsystems in the lower hierarchical MPC layer and comprises the quadratic tracking of the reference
temperature trajectories Tref,i sent by the room equivalent on the upper layer (weighted with γ).
uconv,i , uCCA,local,i , ual,i , uposShad,i and uinclAng,i correspond to the local control inputs of the convector and CCA
supply water mass flows, artificial lighting, shading position and inclination angle of the Venetian blinds.
Troom,air,i is the local room air temperature. Tsupply,conv,i , Treturn,conv,i , Tsupply,CCA,i and Treturn,CCA,i are the sup-
ply and return water temperatures of the convector and CCA. αconv and αCCA are energy weighting factors for
the convector and CCA including the heat capacity of water, αLight a weighting factor for the energy consump-
tion of artificial lighting and θ a factor penalizing room temperatures outside the comfort range. The prediction
horizon (t0 - tf ) is 24 h for the upper MPC layer and 8 h for the lower layer, the sampling period is set to 15 min
for the upper and to 5 min for the lower layer.
Based on the calculated trajectories for the local room-individual CCA control inputs uk+1

CCA,local,i from (1), the
global coordinator calculates the global CCA control input uCCA,global

k+1 for iteration k + 1 (2). In the second
step, the dual variables (Lagrangian multipliers) λk+1

Dual,CCA,i are updated for every zone (3).
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uCCA,global
k+1 = argminuCCA,global

∫ tf

t0
[
∑
i∈N

λk
Dual,CCA,i · (uk+1

CCA,local,i − uCCA,global) + ρ/2 · (uk+1
CCA,local,i − uCCA,global)2]dt (2)

λk+1
Dual,CCA,i =λk

Dual,CCA,i + ρ · (uk+1
CCA,local,i − uk+1

CCA,global) (3)

The control quality of the implemented hierarchical distributed MPC is evaluated in terms of the following Key
Performance Indicators (KPIs): energy consumption (for CCA, convector and artificial lighting; in MJ), thermal
discomfort (quantification of room temperatures outside the comfort range; in Kh) as well as total computation
time and computational time ratio. The computational time ratio represents the ratio of the total computation
time to the simulated control time. A quotient smaller than 1 is equivalent to real-time capability of the control.
The performance of the proposed hierarchical distributed MPC is compared to a non-hierarchical distributed
equivalent consisting of only one MPC layer with a prediction horizon of 24 h and a sampling period of 15 min.
The control quality of the different control approaches is evaluated for different accuracy scenarios for the
disturbance forecasts. In the first scenario, a perfect forecast for the disturbance quantities of occupancy,
solar radiation (global horizontal, diffuse horizontal and direct normal) and air exchange rate is assumed.
For the second and third scenario, forecast errors are artificially generated according to a normal (Gaussian)
distribution, zero mean and varied standard deviations σ (based on the Python package numpy ). A filter
extracts negative values for radiation and occupancy. The occupancy value is rounded to an integer and
during unoccupied times, no forecast errors are added to occupancy and solar radiation. The forecast error
for occupancy represents a higher/lower number of occupants than forecasted, the error for solar radiation
expresses the occurrence of unexpected clouds and the error for the air exchange constitutes higher or lower
wind speeds than forecasted, which impact the air exchange of the building with ambient air. In the simulative
case study, an old building structure with loose air tightness and high air infiltration with a base air exchange
of 2.5 1/h is assumed to generate substantial heat demand and transfer the heat from solar and internal gains.
The forecast errors can be considered representative of any deviation between the predicted and the real-world
behavior of the buildings, such as errors in weather or occupancy forecasts, model errors or unexpected user
influences (e.g., window/door opening or manual heating/shading). The standard deviations determining the
dimension of the forecast errors are increased in intervals of 0.5 for occupancy, in intervals of 50 W/m2 for solar
radiation and in intervals of 0.1 1/h for the air exchange. The standard deviations are noted in the following
manner: σ = (σoccupancy[−],σradiation[W/m2],σair exchange[1/h]). The optimizations are executed in JModelica.org
2.14 [28] (using linear HSL solver ma27 [29]) for gradient-based optimization of Modelica models with an
interface to IPOPT 3.13.1 [30]. The simulation on the coupled building model has a horizon of 5 days. The
optimizations are executed on an OpenStack instance with Ubuntu 18.04, 8 vCPUs and 32 GB RAM.

4. Results
Forecast scenario σ = (0,0,0)
For the perfect forecast scenario, the disturbances of outdoor temperature, solar radiation on each window
facade and occupancy are depicted in Fig. 4. The results of the non-hierarchical and the hierarchical distributed
MPC are shown in Fig. 5 and Fig. 6. The three last subplots ”Actuator mass flow”, ”Shading position” and
”Inclination angle” reveal a more dynamic operation of the control inputs for the hierarchical variant compared
to its non-hierarchical equivalent, which is due to the higher temporal resolution and reactivity of the lower
layer of the hierarchical MPC. At intervals of 5 min (compared to 15 min for the non-hierarchical variant), the
hierarchical MPC receives updated measurements from the building and readjusts the control inputs. Since for
the first scenario a perfect forecast is assumed, the local room temperatures in the ”Local temperature” subplots
resemble each other apart from individual violations at the beginning and end of the simulation horizon. The
CCA covers the base load benefiting from a higher energy efficiency due to lower supply temperatures and
is preheated to cover the heat demand at a later time, while the convectors are operated in a more reactive
manner to cover peak loads. During the periods with heat gains from occupancy and solar radiation, the rooms
are operated near the upper temperature bound to reduce heating and lighting energy by actively using the
Venetian blinds to limit solar gains. During the non-occupancy periods, the temperatures are kept near the
lower bound taking advantage of the night set-back to decrease heating energy consumption. The consumed
energy is of a similar magnitude (681 MJ for the non-hierarchical and 683 MJ for the hierarchical variant). The
hierarchical MPC can reduce thermal discomfort by 64 % (with 0.72 Kh compared to 1.99 Kh for the non-
hierarchical MPC). As exhibited in the ”CCA control input” subplot, the hierarchical variant regulates the CCA
in a more dynamic manner, which results in the same Mean Average Error (MAE, 0.001 kg/s; averaged over
all rooms) but a higher Root Mean Square Error (RMSE) for the ADMM consensus (0.003 kg/s compared to
0.002 kg/s). The computational time ratio of 0.191 for the hierarchical MPC (computation time of 82 359 s) is
approximately 3 times higher than the one of 0.060 for the non-hierarchical MPC (computation time of 25 850 s),
which is due to the execution of three lower MPC layer instances during one upper MPC layer MPC operation.

6



Figure 4: Disturbances for the standard deviations σ = (0,0,0) (perfect forecast)

Figure 5: Non-hierarchical distributed MPC for the standard deviations σ = (0,0,0) (perfect forecast)

Figure 6: Hierarchical distributed MPC for the standard deviations σ = (0,0,0) (perfect forecast)
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Forecast scenario σ = (0.5,50,0.1)
For the second scenario, the forecast errors are artificially generated based on normal distributions with fixed
standard deviations for each disturbance quantity (0.5 for occupancy, 50 W/m2 for the radiation quantities and
0.1 1/h for air exchange). The forecast errors are shown in Fig. 7 and range up to ±1 for occupancy, ±100 W/m2

for the solar radiation quantities and ±0.2 1/h for air exchange.

Figure 7: Forecast errors for the standard deviations σ = (0.5,50,0.1)

The simulation results for the non-hierarchical and the hierarchical distributed MPC are visualized in Fig. 8 and
Fig. 9. As shown in the ”Local temperature” subplots, the hierarchical MPC exhibits an increased reactivity
to the occurring forecast errors and a higher capability of preserving thermal comfort and operating the room
temperatures between the comfort bounds. For the non-hierarchical MPC, especially the lower comfort bounds
are exceeded more frequently. This manifests itself during non-occupancy (e.g., during hours 38–46) and
particularly during occupancy periods (e.g., during hours 48–58 and 72-84), when forecast errors are imposed
on all disturbance quantities (see Fig. 7). The hierarchical MPC can reduce the thermal discomfort resulting
from the operation of the non-hierarchical MPC (24.30 Kh) by 9.62 Kh (equivalent to a reduction of 39.6 %)
resulting in a thermal discomfort of 14.68 Kh. The energy consumption for the hierarchical and non-hierarchical
MPC are identical (679 MJ). The last three subplots of Fig. 8 and Fig. 9 reveal that the control inputs of the
hierarchical MPC are operated in a more dynamic way to compensate for the forecast errors. The ”CCA control
input” subplots show a similar convergence for both MPC variants with few diverging outliers, which leads to an
identical consensus MAE of 0.001 kg/s and an RMSE of 0.002 kg/s. The computation time for the hierarchical
MPC (61 691 s) is approximately 3.4 times higher than the one for the non-hierarchical variant (18 173 s). The
hierarchical MPC is seven times faster than real-time according to a computational time ratio of 0.14.

Figure 8: Non-hierarchical distributed MPC for the standard deviations σ = (0.5,50,0.1)
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Figure 9: Hierarchical distributed MPC for the standard deviations σ = (0.5,50,0.1)

Forecast scenario σ = (1,100,0.2)
Figure 10 depicts the forecast errors for the σ = (1,100,0.2) scenario, which range up to ±2 for occupancy,
±200 W/m2 for the solar radiation quantities and ±0.4 1/h for air exchange. In Fig. 11 and Fig. 12, the perfor-
mance of the non-hierarchical and hierarchical distributed MPC for this forecast scenario are shown. In analogy
with the previous forecast scenario, the ”Local temperature” subplots manifest a substantially increased reac-
tivity and ability of the hierarchical MPC to compensate for forecast errors. This shows itself by reducing the
exceedance of both the lower (e.g., during hours 24–34, 34–48 and 72–82) and upper comfort bounds (e.g.,
during hours 100–106). The benefits of the hierarchical MPC are particularly revealed complying with the
lower comfort bound, since in this case study, only heating actuators are included that are able to react to
the forecast errors (apart from the predictive ”cooling” function of the solar shading). The exceedance of the
comfort bounds, which is attributed to the deviation between predicted and real disturbance quantities, can be
compensated in a shorter time by the hierarchical MPC benefiting from the small sampling period of the lower
MPC layer. Thermal discomfort can be reduced from 43.25 Kh for the non-hierarchical to 30.91 Kh for the
hierarchical MPC, which corresponds to a decrease of 28.5 % or an absolute reduction of 12.34 Kh. Again,
the consumed energy is identical for both variants with 678 MJ.

Figure 10: Forecast errors for the standard deviations σ = (1,100,0.2)

The subplots ”Actuator mass flow”, ”Shading position” and ”Inclination angle” exhibit the more dynamic op-
eration of the control inputs. The potentially disturbing effect of frequent shading or wear and tear is not
considered here. The focus is placed on the reactivity of the control and preservation of comfort. In future
versions, constraining or penalizing the change in control inputs between two iterations could be added. The
”CCA control input” subplots show a comparable ADMM convergence for both MPC variants with an identical
MAE of 0.001 kg/s and a consensus RMSE of 0.002 kg/s. The increased reactivity of the hierarchical MPC
comes at the cost of three times larger computation times (computation time of 67 897 s for the hierarchical
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and 20 245 s for the non-hierarchical MPC). With a computational time ratio of 0.16, the hierarchical MPC is
six times faster than real-time.

Figure 11: Non-hierarchical distributed MPC for the standard deviations σ = (1,100,0.2)

Figure 12: Hierarchical distributed MPC for the standard deviations σ = (1,100,0.2)

5. Conclusion
In this work, a hierarchical distributed MPC for building energy systems based on nonlinear Modelica controller
models is presented. The MPC concept couples hierarchical and distributed optimization approaches to divide
the optimization complexity within the temporal and spatial dimension and enable decoupled, modular model-
ing. The hierarchical optimization approach takes into account different dynamics in buildings and guarantees
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both anticipation for components with high inertia and time delay as well as reactivity with respect to devia-
tions between the predicted and the actual building behavior. The distributed optimization approach splits the
optimization problem into subproblems to improve the scalability and real-time capability of the control while
accounting for the coupling between the subproblems.
The flexibility and robustness of the proposed control approach are evaluated for different scenarios of the
forecast accuracy for the disturbance quantities of occupancy, solar radiation and air exchange. The artificially
generated forecast errors can be considered representative of any deviation between the predicted and real-
world behavior of buildings. Applied to a six-room building Modelica model, the hierarchical distributed MPC
demonstrates a considerably increased capability to keep the room temperatures within the comfort bounds
and a relative discomfort reduction of 29 to 40 % for the scenarios with forecast errors in comparison to a
non-hierarchical reference MPC. With an increase in forecast errors, the absolute thermal comfort that can be
reduced by the hierarchical MPC increases. The increased reactivity comes at the cost of increased compu-
tation times. In the case study, the hierarchical distributed MPC manifests a good ADMM convergence and
real-time capability by being six times faster than real-time.
In future work, the developed MPC framework will be practically applied to a multi-zone building including
dynamic and inert (heating) actuators. Within the hierarchical MPC configuration, different model approxima-
tions/linearizations could be evaluated on the different layers focusing on specific components. Finally, integer
optimization variables should be included for wider applicability in building control.
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Abstract:
The growing penetration of renewable energies, which have a fluctuating nature, requires the enhancement of
energy system flexibility. This can be achieved through sector integration, which encompasses the conversion
of energy into the most convenient vectors. In this regard, a promising option is represented by Power-to-Gas
(PtG) technologies. They allow the direct conversion of surplus renewable electricity into fuels (e.g. green
hydrogen or methane) and its long-term storage, operating as seasonal storage. The potential of PtG systems
can be unlocked if the waste heat produced by exothermic components (e.g. electrolyzer and methanation
reactor) is recovered and fed, for instance, into a district heating network (DHN) to be supplied to an end-user.
However, since the operation of PtG systems may be discontinuous, a full integration of the fuel, electrical and
heating sectors is possible only with advanced management and control tools. This work presents a control
strategy based on Model Predictive Control, with the aim of operating the production of methane from a PtG
system and the supply of waste heat to a DHN with minimal cost. The case study comprises an electrolyzer,
a methanation reactor, storage tanks for hydrogen and methane, a boiler and a heat pump for upgrading the
temperature level of the recovered heat. The controller feasibility is demonstrated through a Model-in-the-Loop
simulation platform and its performances are compared to that obtained with a conventional controller. The
novel controller enables a 54 % increase in operating margin and more than halves carbon dioxide emissions.
A better exploitation of renewable energy is also obtained (+ 4.6 %), as well as an increase in the share of heat
recovered from the PtG plant.

Keywords:
District Heating Network; Electrolyzer; Methanation; Model Predictive Control; Power-to-Gas; System Integra-
tion; Waste Heat Recovery.

1. Introduction
Due to the need to decarbonize the energy sector, a great effort is being made today to support the penetra-
tion of renewable energy sources (RES), and this is transforming the architecture of current energy systems.
Indeed, the mismatch between energy production and demand creates challenges that add complexity and
forces the integration of new technologies and solutions. This leads to a change in the conventional way
of managing energy systems, and to the need to exploit the concept of Multi-Energy Systems (MES), which
means to consider energy systems as a whole, and therefore to perform an overall optimization of energy
exchanges, including sector integration.
Power-to-Gas (PtG) technologies are gaining importance in this context, enabling sector coupling through the
production of synthetic fuels (i.e. electrofuels) from renewable electricity, as demonstrated by many ongoing
research activities on this topic [1]. Electrofuels can be used as conventional fuels and even converted back
into electricity when necessary: thus, they can serve as an energy storage solution avoiding renewable energy
curtailments. As expected, the total efficiency of the process is low, but it can be increased by making profitable
use of the waste heat. Indeed, being an exothermic process, when integrated into an energy system, a PtG
plant can also provide additional heat to be used by the end-users. Böhm et al. [2] studied the potentials of
coupling Power-to-Hydrogen with a District Heating Network (DHN), finding that there are several synergies and
efficient interactions between them. While high-temperature electrolysis is comparable with industrial waste
heat, low-temperature electrolysis is subject to infrastructure limitations: however, the modern low-temperature
DHN represent an opportunity for its usage.
Due the complexity presented above, it is evident that when dealing with the problem of the future management
of PtG systems integrated into MES, the control of such systems plays a key role. Indeed, how a PtG unit is
integrated into the system and how it is operated, strongly influence its potential. Fischer et al. [3] found that
Model Predictive Control (MPC) is a suitable control strategy for optimizing the operation of PtG technologies,
mainly when such systems are integrated into complex MES. They successfully demonstrated the application



of an MPC for optimizing the operation of a PtG unit and on-site storage considering the limitations in energy
networks and time variable electricity prices. Turk et al. [4] studied the application of an MPC for a system
with PtG and gas storage for system flexibility, considering multiple uncertainties. The authors found that the
MPC made it possible to reduce the wind curtailment and improve the economic performance of the system,
compared with a traditional control strategy. They also investigated the impact of the MPC prediction horizon
length on computational efficiency, finding that it should be selected based on the required computational
efficiency and storage capacity of the system. Finally, Abdelghany et al. [5] investigated the implementation
of a two-stage MPC for the integration of a PtG plant for hydrogen production from a wind farm, to be used
for hydrogen-fueled road vehicles or for injection into the local grid. By using a two-stage predictive controller,
they tackled different competing objectives and different time-scales, and optimally managed the interactions
between the wind farm, end-user and power grid. As demonstrated by these studies, an intelligent control
strategy is needed to successfully manage such systems. However, in the presented papers, the possibility of
recovering the waste heat of the PtG plant was not considered.
Waste heat recovery was nonetheless studied by Huang et al. [6]. The authors analyzed the benefits of using
a Mixed-Integer Linear Programming (MILP)-based economic MPC for the real time control of complex MES
integrated with the production of hydrogen. They recovered the waste heat of a high temperature alkaline
electrolyzer and used it directly in a DHN, achieving cost savings and a better exploitation of RES, compared
to a conventional rule-based strategy.
Given the necessity to decarbonize current energy systems, a great effort is being made today in studying and
applying novel control strategies and optimization tools in real systems for the integration of new technologies
and for the exploitation of sector coupling. Nevertheless, being a complex problem, with many degrees of
freedom, it is necessary to keep studying different applications and the benefits of the integration of PtG
technologies in energy systems. In particular, considerable effort is still needed in the study of the smart
management of PtG plants and of waste heat recovery from it, in order to exploit all the potentials of this
technology.
The main contributions of this paper are the following:

• The development of a novel MPC controller with an integrated MILP algorithm for the optimal control of a
PtG plant for the production of methane, coupled with a DHN for waste heat recovery.

• An innovative solution for recovering the waste heat from the PtG plant. A heat recovery circuit (HRC),
which works at low temperatures, i.e. (40÷55) °C, is used to recover the waste heat of the PEM elec-
trolyzer, the methanation reactor and the condenser, and then the low-temperature heat at 55 °C is
upgraded by an industrial heat pump (HP) and is used in a DHN, as outlined in Figure 1.

• The quantification of the benefits of using the innovative control solution, compared to a conventional rule-
based control strategy, by the implementation of both solutions in a Model-in-the-Loop (MiL) configuration.

2. Method
This section presents the methods exploited in this work: the concept of MPC, the optimization algorithm
developed for its implementation and the detailed model used for the MiL application.
2.1. Model Predictive Control
The optimal control of a MES using smart control strategies is becoming more and more common and it is
catching the attention of researchers and industries. Indeed, when using advanced control strategies, it is
possible to perform the optimal management of complex systems, which follows the implemented objectives
(such as cost or energy consumption minimization).

PEM
low T heat

HP

Condenser
Methanator

DHN

hydrogen

high T heat

methane

electricity

Figure 1: A schematic representation of the heat recovery from the Power-to-Gas plant.



MPC is a smart control strategy that has been demonstrated to be successful for many applications [7]. In this
type of controllers, an optimization algorithm is embedded, which includes a simplified model of the system
to control. At every time-step, the algorithm receives information on the actual behavior of the system, and
calculates an optimal trajectory for the inputs over a future time-horizon, also known as prediction horizon,
which is discretized into a certain number of time-steps. From this trajectory, only the first signal is implemented
into the real system (e.g. as a set-point in low-level controllers), and after a time-step is passed, the system
states are estimated and given again to the controller, together with the forecast of the disturbances, which
repeats the calculation for a new prediction horizon.
With this control strategy, an optimal control of the system is allowed: the controller gives the optimal inputs
to the system every time-step (e.g. 15 minutes), and there is an implicit feedback and feed-forward on the
disturbances. Nevertheless, an adequate algorithm is needed to use this control strategy, which has to be fast
and contain the model of the system to control. In this work, a MILP algorithm is used, which is described in
detail in Paragraph 2.2.. The aforementioned advantages of using this technique, such as the consideration of
the predicted disturbances, the possibility to handle constraints and the concomitant optimization, make MPC
a suitable control technique for MES [6].
2.2. Optimization algorithm
As explained above, to develop an MPC controller, an optimization algorithm is required. It is embedded in the
controller and calculates the optimal future trajectory for the control variables. Moreover, the algorithm needs to
be fast, since it is run at every time-step, and needs to optimize the system over the entire prediction horizon.
Among the existing optimization algorithms, the Mixed-Integer Linear Programming technique has revealed
to be a successful optimization model for MES, if properly tailored to the case study. Indeed, this strategy
makes it possible to optimize the systems with good accuracy and reasonable computational complexity. In
addition, efficient commercial solvers are available for such problems, and the global optimality of the solution
is guaranteed [8]. When using such approach, the equations that describe the physical behavior of the system
must be linear, and therefore they need to be linearized. It is possible to model a general MES using the
following components:

• Conversion systems: they represent all the plants involved, which transform the energy from one (or
more) form to another one (or more), e.g. boilers, heat pumps, electrolyzers. To model them, the
input-output relationship is linearized, and piecewise linearization can be used to consider variations
in efficiency with the load [9, 10]. This formulation needs auxiliary variables and constraints, which are
described in detail in [11]. Moreover, when necessary, the piecewise linearization has been performed
on two variables (e.g. to model the compressor, the electrical energy used depends both on the gas
mass flow rate and on the pressure ratio). While the piecewise linearization of one-degree of freedom
performance curves is relatively straightforward, when the piecewise linearization is made on two vari-
ables, several piecewise linear approximation approaches exist. In this work, the triangle method was
applied to those components that needed it [11]. In addition, for each plant, three operating modes can
be modeled (ON, OFF and standby), and it is possible to set a start-up cost, as well as a minimum up-
time (UT) and down-time (DT), and operating ramps, by adding additional equations and binary variables
to the problem.

• Energy storages: they represent every component that can store energy, e.g. batteries, thermal energy
storages, gas storage tanks. The equation that describes them relates the energy stored at the current
time-step to the one stored at the previous time-step, by taking into account charge, discharge and self-
discharge efficiencies.

• Energy networks: they are modeled as energy sinks/sources, to/from which the energy system can
exchange energy by buying or selling it with certain costs, e.g. electricity grids, natural gas networks.

• End-users and RES: they are modeled as energy sinks/sources, with the needs to be fulfilled or the
production rate given as disturbances to the algorithm.

• Energy nodes: they are not physical nodes, however, they are used to make sure the energy balance
for each energy vector is fulfilled every time-step.

The optimization variables are all the power flows and the energy stored, and the algorithm calculates their
optimal management for each time-step, in order to minimize the implemented objective function over the
prediction horizon.
2.3. Simulation platform
As previously mentioned, the management presented was tested in a Model-in-the-Loop configuration. A
detailed nonlinear model, which emulates the real system, was developed in the MATLAB®/Simulink® envi-
ronment, and it was built by assembling the models of single energy system components. The application



consists of a wind farm, a PtG system for the production of synthetic methane and a DHN, which ensures heat
supply to an end-user.
The Simulink® library used to model the DHN has already been presented in previous works [12], and it is com-
posed of the pumping station blocks (expansion vessels and pumps), the heating network blocks (pipelines)
and the thermal power unit blocks (boilers and heat exchangers). Nevertheless, for the present application,
new components were developed, that constitute the PtG plant. The main components and how they were
modeled is presented below.
Wind farm: this is an algebraic model which, starting from the undisturbed wind velocity module and direction
uwind , and given the geometry of the wind turbines and their position in the wind farm, calculates the output
electrical power production. It considers the wake effect by applying the Jensen wake model [13] and once the
corrected wind velocity uwindcorr for each turbine is determined, uses the power curve of the turbines to calculate
the electricity generated: Pel = f (uwindcorr ).
PEM electrolyzer: this is an algebraic model that, given the electrical power supplied and the operating mode
returns the amount of hydrogen and the thermal power generated. It has three different operating modes: ON,
OFF (i.e. no consumption, no production, cold start-up needed to switch on) and standby (i.e. no production,
consumption of a certain amount of nominal electrical power, warm start-up needed to switch on). During the
steady state operation, the relation for the efficiency of the electrolyzer is derived by interpolating operating
data

η = ρHHV
aPb

el + c
Pel

, (1)

and it is used to calculate the hydrogen flow rate produced as follows

V̇H2 =
1

ρHHV
ηPel , (2)

with ρ being the gas density, HHV its high heating value and Pel the input electrical power. The thermal power
generated is calculated using the following equation

Pth = (1 − η)Pel − Ploss , (3)

where Ploss represents the power loss and is calculated as Ploss = αPnom+βPel +γPnom: the first term represents
the losses due to the auxiliary systems, while the latter terms represent the linear model of the power losses
in the conversion from AC to DC.
Methanation reactor: this is an algebraic model that correlates the input hydrogen flow to the output methane
flow and thermal power generated. Similarly to the electrolyzer, it has three operating modes: ON, OFF and
standby. In the steady state operation, the output flow is calculated using the yield of reaction y , which is
estimated based on linear interpolation of experimental data as follows

y = a
GHSV

GHSVnom
+ b (4)

where GHSV (gas hourly space velocity) is the rate between the total volumetric flow rate at inlet and the
reactor’s volume, and evaluates the load of the reactor.
Gas compressor: this is an algebraic model that, given the rotational speed, the input flow and the output
desired pressure, calculates the output flow and the electrical power consumption. The block contains the
performance maps of the turbocompressor for the calculation of the mass flow rate and of the polytropic
efficiency, given the corrected rotational speed and the pressure ratio.
Gas storage: the proposed model represents a node in which the input flow is mixed with the gas inside
the storage. It is a dynamic model that uses the energy balance and continuity equations for pressure and
temperature calculation. In terms of causality, the incoming and outcoming flows are known, and the model
calculates the pressure, temperature and composition of the gas contained in the storage. The energy stored
is calculated using the gas HHV.
Gas pipeline: this is a dynamic model which, given the inlet pressure, temperature and composition, and the
outlet pressure, calculates the output mass flow rate, temperature and composition of the gas. The mass flow
rate is calculated as follows

ṁ = sign(∆p)

√
|∆p|ρAcs
λL
Din

+ Z
, (5)



where ∆p is the pressure drop in the pipeline, Acs the cross-section area of the pipeline, ρ the gas density, λ
the friction factor, L the pipe length, Din the inner diameter, and Z the total concentrated pressure drop. The
governing equation for the temperature is the following

dTout

dt
=

1
ρcv V

(
ṁ
[
(cpT )in − (cpT )out

]
−Q̇w

)
, (6)

where cp is the gas specific heat at constant pressure, cv the average gas specific heat at constant volume, V
the volume of the pipeline and Q̇w the heat exchanged through the wall.
Gas pressure reduction valve: this is an algebraic model that takes as inputs the income and outcome
pressure, temperature and composition of the gas, and opening ratio of the valve φ , and returns the mass flow
rate through the valve. The mass flow rate is calculated using the expansion factor Y , as

ṁ = Nxcv Y
√
ρin∆p , (7)

where Nx is a coefficient introduced to match the measurement units used.
Heat pump: this is an algebraic model in which the thermal power absorbed and that supplied by the heat
pump are calculated based on the temperature of the cold and hot sources (Tc and Th) and on the electrical
power used Pel . The actual COP is calculated as follows

COP =
COPnom

Cc(1 − (1 − Cc)
Pel ,nom

Pel
, (8)

where Cc is a correction factor usually declared by the manufacturer, COPnom = COPmax
ηII

and ηII is calculated
with a lookup table with ηII = f (Tc , Th).
The inputs, outputs and states of the new components are reported in Table 1, while for the pumping station,
heating network and thermal power unit blocks, the reader can refer to [12].

3. Application
This section describes the case study chosen and the main characteristics of the simulations. In addition, it
presents how the control strategies have been implemented in the MiL application.
3.1. Case study description
The case study considered consists of a PtG plant for the production of synthetic methane, using the renewable
electricity generated by a wind power plant. A simplified representation of the energy system is displayed in
Figure 2.
The energy system is connected to the electrical grid and to the natural gas network, and it can exchange
electricity and gas with them by buying and selling energy. The end-user has both electrical and thermal
needs: the first are fulfilled by using the renewable electricity or by buying electricity from the power grid, while
the latter are met with a gas-fueled boiler, and by recovering the waste heat from the PtG plant. Indeed, as
mentioned above, two hot water circuits are employed: the HRC that works at low temperatures (40÷55) °C, in
which three heat exchangers recover the waste heat from the PEM electrolyzer (available at a temperature of
55 °C), condenser (80 °C) and methanation reactor (290 °C), and the DHN which works at higher temperatures
(60÷80) °C and is used for end-user heat supply (see Figure 1). An industrial heat pump (HP) connects the
two circuits and upgrades the heat at 55 °C to the 80 °C needed for the DHN. The characteristics of the plants
are shown in Table 2.
In Figure 2, all the energy flows involved are shown: the electricity produced by the wind farm can be used
both for the fulfillment of the electrical needs, or by the PEM electrolyzer (PEM) that produces hydrogen,

Table 1: System components summary (Al = Algebraic, Dy = Dynamic).

Component Model Inputs Outputs States
Wind farm Al uwind Pel -
Electrolyzer Al Pel

Op mode
ṁout , Tout , xout , pout

ṁH2O , Pth, Ploss

-

Methanation reactor Al ṁin, Tin, xin

Op mode
ṁout , Tout , xout

Pth, Ploss

-

Gas compressor Al N, pin, pout , Tin, xin ṁout , Tout , xout , Pel -
Gas storage Dy ṁin, Tin, xin pstor , Tstor , xstor pstor , Tstor , xstor

Gas pipeline Dy pin, Tin, xin, pout ṁout , Tout , xout Tpipe

Valve Al pin, Tin, xin, pout , φ ṁout , Tout , xout -
Heat pump Al Th, Tc , Pel Pthout , Pthin -
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Figure 2: A schematic representation of the Multi-Energy System considered.

Table 2: Characteristics of the plants involved.

Technology Parameter Value Technology Parameter Value
Wind farm Number of turbines (-)

Nominal power (kW)
4
8000

Boiler Nominal inlet power (kW)
Nominal efficiency (%)

4000
92.4

Electrolyzer Nominal inlet power (kW)
Nominal operating temperature (°C)
Nominal operating pressure (bar)

3750
55
35

Methanator Nominal inlet power (kW)
Nominal operating temperature (°C)
Nominal operating pressure (bar)

2479
290
2.5

H2 storage Volume (m3)
Maximum pressure (bar)
Minimum pressure (bar)

100
35
2.5

CH4 storage Volume (m3)
Maximum pressure (bar)
Minimum pressure (bar)

100
7.5
3.5

Heat pump Nominal inlet power (kW) 380

and it is also consumed by the methane compressor and by the HP. The produced hydrogen can be stored
in the hydrogen storage (HS) or used by the methanation reactor, which produces methane at low pressure
(2.5 bar), which needs to be compressed before being used or stored in the methane storage (MS). After
the compression, the methane can both be stored, sold, or used to feed the boiler, which produces the heat
for end-user supply. In this work, the MPC controller is applied to a so-called system digital twin, which is a
dynamic model, built by means of properly connecting the models of the single components involved which are
developed in Simulink® and presented in Paragraph 2.3.. This allows the new control strategy to be tested,
without affecting the operation of a real system. The controller is implemented as a supervisory controller, and
gives the values of the manipulated variables calculated by the optimization algorithm as input set-points to
low-level controllers (e.g. PID controllers) already implemented in the system.
3.2. Simulation setup
The main objective of this study is to compare the actual savings potential and the different management
of the proposed MILP-based MPC with the use of a conventional rule-based control strategy. The following
paragraphs present the two control strategies and describe how they are implemented.
3.2.1. MPC control

The schematic diagram of the MiL application of the MPC is shown in Figure 3: the MPC was set with a
prediction horizon of two days and a time-step of one hour. At each time-step, the controller (i) gets the actual
value of the system initialization variables, (ii) updates the forecast of the disturbances and the initial conditions
and (iii) calls the optimization algorithm, which is run and returns the values of the optimal control variables as
a result. The initialization and control variables, as well as the disturbances are described in Figure 3.
The objective function implemented is the maximization of the total operating margin of the system, which
includes the costs of the electricity and natural gas bought and sold from/to the networks. The MILP algorithm
described in Paragraph 2.2. was developed and adapted to the case study presented. The features of the
linearization conducted to formulate the MILP algorithm are shown in Table 3, where it is specified whether or
not the piecewise linearization has been conducted, its dimension, as well as the number of intervals employed.
In addition, it is indicated if the UT, DT and operating ramps are modeled, as well as which operating modes
are used.
The disturbances given to the MPC are the forecasts of end-user needs and the electrical power generated
by the wind farm, and they are displayed in Figure 4 for the second simulated day. It is worth pointing out



that these forecasts are different from the disturbances applied to the Simulink® model, which represent the
actual disturbances and are obtained by applying random deviations to the ideal disturbances given to the
controller. In this way it is possible to evaluate how the predictive controller reacts to disturbances other than
those expected, which usually happens in real applications.
3.2.2. Rule-based control

Depending on the definition of the conventional control strategy, the improvement due to management with the
MPC control can vary, therefore a suitable and efficient rule-based control was developed. With this control
strategy, the same set-points given by the MPC are calculated based on the logic displayed in Table 4.
It needs to be mentioned that the boiler set-point is not calculated with this control logic, and its input power is
regulated through a PI controller, which keeps the supply temperature of the DHN equal to 80 °C. In addition,
the actual amount of methane exchanged with the network is the set-point given for the methane sold minus
the methane needed for the boiler.
3.3. Key Performance Indicators
To evaluate the results obtained, some Key Performance Indicators (KPIs) regarding the cumulative results of
the second simulated day were analyzed. The KPIs identified are:

• Operating margin (EUR): the net revenue of the electricity and methane exchanged with the networks.
Thus, it is the difference between the cost of the energy sold and the cost of the energy bought during
the simulated period.

• CO2 emissions (kgCO2,eq): the amount of carbon dioxide which is emitted due to the operation of the
energy system. In particular, it considers the emissions related to the methane and electricity bought
from the networks. Indeed, it was assumed that the electricity produced by the wind farm is associated
with zero emissions, as well as the synthetic methane produced with the PtG plant. For the electrical
grid, a coefficient of 224 gCO2/kWh was considered [14], while for the gas 200.8 gCO2/kWh [15].

• RES usage (%): the percentage of renewable electricity which is used by the system, and therefore not
sold to the electrical grid.

• Gas production (kWh): the amount of methane produced by the Power-to-Gas system.
• Heat recovered share (%): the percentage of user thermal needs covered with the heat recovered from

the PtG plant.
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Figure 3: Model-in-the-Loop control with MPC (SP = set-point, SoC = State of Charge).

Table 3: Features of the model linearization for MILP formulation.
Component Method Intervals Parameters UT/DT Ramps Op. modes
Electrolyzer piecewise 1D 1 × 3 PoutH2

, Poutth = f (Pinel ) no no ON/OFF/standby
Methanator piecewise 1D 1 × 2 PoutM , Poutth = f (PinH2

) yes yes ON/OFF/standby
Gas compressor piecewise 2D 2 × 2 Pinel = f (Pinng , Estorng ) no no ON/OFF
Boiler linear 1 × 1 ηB = 92.2 % no no ON/OFF
Heat pump linear 1 × 1 COP = 5.42 no no ON/OFF
H2 storage linear 1 × 1 ηch = ηd = 95 % - - -
Methane storage linear 1 × 1 ηch = 95 %, ηd = 0.85 % - - -
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Figure 4: Forecasts of the disturbances given to the MPC controller for the second day.

Table 4: Rule-based control strategy definition.

Variable Condition Set-point value
Electrolyzer input power SoCHS ≤ 80 %

otherwise
min {Pnom, (Pwind − Peluser )}
0

Methanator input power SoCHS > 60 % & SoCMS ≤ 95 %
SoCHS > 60 % & SoCMS > 95 %
otherwise

Pnom

0.5 Pnom

0
Heat pump input power methanator ON & Pthuser > 0

otherwise
Pnom

0
Methane sold SoCMS > 70 %

30 % ≤ SoCMS ≤ 70 %
SoCMS < 30 %

1200 kW
600 kW
0 kW

4. Results and discussion
As previously explained, the aim of the simulations is to test the benefits of a novel controller based on MPC
applied to a PtG plant coupled with a DHN. In order to do so, the novel control strategy was compared to a
conventional rule-based one (see Paragraph 3.2.). The simulations were carried out over two days: never-
theless, the rule-based control strategy is used in both simulations on the first day, in order to have the same
initial conditions for the second day, in which the two control strategies are compared. Therefore, the results
are collected during the second day and only these results will be discussed.
Figure 5 shows how the electricity is managed with the two control strategies during the second day: it displays
the energy balance among production, usage and exchange with the grid. It is possible to note that with the
MPC strategy, less electricity is exchanged with the grid, and the renewable electricity is mainly used to work
the electrolyzer and the HP for heat recovery. Indeed, this can be also seen in Figure 6: here, the total amount
of energy exchanged with the networks during the entire day is displayed. With the rule-based control, a larger
amount of electricity is sold to the grid, and at the same time a larger amount of methane needs to be bought
from the gas network. Indeed, when the electrolyzer and methanation reactor are not operating, it is necessary
to buy the gas needed to work the boiler, in order to fulfill the thermal needs of the user. This result shows that

Figure 5: Energy balance at the electricity node (RES = wind power produced, Bought/Sold = exchanges with
the power grid, HP = heat pump, PEM = PEM electrolyzer, compr = compressor, User = user needs).



it is better to exploit the self-produced energy as much as possible and to reduce the energy exchanges with
the networks to a minimum to obtain a cheaper operation for the system. In addition, with such management,
grid unbalances are prevented, as well as renewable energy curtailments.
In Figure 7, both the set-point and the actual input power to the methanation reactor are shown. The set-point
is the actual set-point exiting the low-level proportional controller, and thus takes into consideration a correction
based on the behavior of the hydrogen storage that corrects it in order not to exceed the storage limits. It can
be seen that with the two control strategies the management is different. In fact, with the rule-based control,
the set-point is kept constant most of the time at part load, while with the MPC a more precise set-point can be
defined, which allows makes it possible to optimally manage the system and minimize the objective function.
Figure 8 shows the actual input power of the electrolyzer with the two approaches, and the State of Charge
of the hydrogen storage. Indeed, these two dimensions are strongly related to each other. It can be noted
that with the rule-based control strategy there are some periods in which the electrolyzer must be switched off
since the hydrogen storage is too full. This does not happen with the MPC, which can optimally manage the
electrolyzer and switch it off only when there is not enough RES production (see Figure 4).
In Table 5 the values obtained for the KPIs identified in Paragraph 3.3. are displayed. As expected, the operat-
ing margin of the system is higher when the MPC is used, since its maximization is the objective implemented
in the optimization, and in one day it is possible to increase the operating margin by 54 % (around 475 EUR).
In addition, with the MPC better results are obtained also for the CO2 emissions, which are more than halved
compared with the ones obtained using the rule-based control. Furthermore, when looking at the RES usage,
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Figure 6: Bar plot with energy exchanged with the networks during the entire day.
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Table 5: Values of the KPIs with the two control strategies.

Value Rule-based control MPC Difference
Operating margin 874 EUR 1 349 EUR + 475 EUR
CO2 emissions 2 139 kgCO2,eq 498 kgCO2,eq - 1 641 kgCO2,eq

RES usage 77.7 % 82.3 % + 4.6 %
Gas production 86 390 kWh 102 366 kWh + 15 976 kWh
Heat recovered share 42.0 % 44.8 % + 2.8 %

it is shown that with the MPC 4.6 % more renewable energy is exploited, and this leads also to a higher pro-
duction of methane. Finally, the recovered heat is higher with the MPC: in particular with this strategy 44.8 %
of the thermal demand is met by the recovered heat (2.8 % more than with the rule-based control).
It is worth noting that with the MPC better results are obtained for all the KPIs: this shows that maximizing the
operating margin, the management of the system is more efficient under several aspects.

5. Conclusions
The energy transition is forcing the penetration of renewable energy sources and of new technologies into
energy systems. Among them, Power-to-Gas solutions allow the production of synthetic fuels from renewable
electricity, enable the storage of surplus electricity and permit sector integration. Due to these changes, energy
systems are becoming increasingly complex and it is necessary to employ efficient and intelligent control
strategies to manage them, in order to fully unlock the benefits of the novel solutions.
In this work, a controller based on Model Predictive Control was presented and it was applied to an integrated
system with the production of methane from renewable electricity, with the objective of increasing the operating
margin. Besides, a novel solution to recover the waste heat from Power-to-Gas exothermic components was
proposed, which uses a heat pump to upgrade the heat available at low-temperature from the plant to the
level of the supply temperature needed by a district heating network. The developed controller was tested in a
Model-in-the-Loop configuration and compared to a traditional rule-based control strategy.
The results show that with the developed controller it is possible to have smarter energy management: indeed,
the operation of the components and storage tanks is improved and the operating margin of the system is
increased by 54 % in one day. In addition, with the novel controller 4.6 % more renewable electricity is exploited
and the total emissions of carbon dioxide are strongly reduced, compared with the rule-based control.
Future studies will examine how the controller performs when adapted to different case studies and the use
of different objective functions, which may include the minimization of energy consumption or carbon dioxide
emissions. Furthermore, to fully understand the possible role of Power-to-Gas in the energy transition toward
a sustainable energy framework, its potential as a long-term storage solution needs to be identified. To do
that, the developed controller will be coupled with a supervisory controller, based on Model Predictive Control,
which will provide it with further constraints regarding the correct long-term operation of the system. In this
way, it would be possible to fully exploit the capabilities of Power-to-Gas as a seasonal storage solution.



Nomenclature
Acs Cross-section area of pipeline, m2

Cc Correction factor, −
cp Specific heat at constant pressure, J/(kgK)

cv Specific heat at constant volume, J/(kgK)

Din Inner diameter of pipeline, m

DT Down-Time

DHN District Heating Network

E Energy, kWh

HHV High Heating Value, kJ/kg

HRC Heat Recovery Circuit

KPIs Key Performance Indicators

L Length of pipeline, m

λ Friction factor, −
ṁ Mass flow rate, kg/s

MES Multi-Energy System

MiL Model-in-the-Loop

MILP Mixed-Integer Linear Programming

MPC Model Predictive Control

N Rotational speed, rpm

η Efficiency, −
P Power, kW

p Pressure, Pa

PtG Power-to-Gas

φ Valve opening ratio,

Q̇w Heat lost through wall, J/s

ρ Density, kg/m3

SoC State of Charge

t Time, h

T Temperature, K

u Velocity, m/s

UT Up-Time

V Volume, m3

V̇ Volumetric flow rate, m3/s

x Mole fraction, −
y Yield of reaction, −
Y Valve expansion factor, −
Z Total concentrated pressure drop through the pipeline, Pa

Subscripts and superscripts

c cold

ch charge

d discharge

el electrical



h hot

in input

nom nominal

out output

stor stored

th thermal
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Abstract:
The Belgian building sector is responsible for a significant share of greenhouse gas emissions, partly because
of the poor quality of its insulation and partly because fossil fuels are the main energy source for heating
buildings. To decarbonize the heating of urban housing, district heating networks are good candidates. Indeed,
district heating networks allow to improve load factor, to combine heat and power, to recover waste heat or to
diversify the energy sources, including renewable sources (biomass, solar, geothermal, etc.). To design an
efficient district heating network and take most of the improved load factor, a very precise knowledge of the
heating needs of the buildings connected to the network is required. Thus, the first part of this work consists
in creating robust, detailed, and automated physical models of the building stock, its equipment, and its use
profiles to obtain detailed hourly load curve. The modelling tool used is the existing open-source Modelica
library IDEAS, developed by the KU Leuven. The second part of the work includes the construction of a district
heating network model and its regulation. This model is then coupled to the building simulation model. The
combination of these two models allows to study the impact of a change in setpoint temperature in buildings or
a massive insulation of the building stock on the buildings load curves and than on the regulation of the district
heating network. The considered case study is a six buildings district of the University of Liège located on the
Sart Tilman campus. The application of the building modelling methodology and energy saving policies to the
test case shows that the approach considered is appropriate from a practical (easy scalable) and accuracy
point of view and that energy saving measures cannot be taken without studying the consequences on the
network operation.

Keywords:
District Heating Network, Building Simulation, Retrofit Policies, Large Building Stock

1. Introduction
The building sector is responsible of a significant part of the greenhouse gas emissions in Europe. According
to [1], it is second largest contributor to greenhouse gas emissions in Belgium. This state of affair is mainly
due to the use of fossil fuel combustion to heat the building and provide domestic hot water. The recourse to
other primary energy sources is often expensive or not feasible when considering each building individually.
District heating networks, on the other side, offer a different perspective by grouping the heat demands of
different buildings on one single infrastructure thus providing economy of scales. District heating networks
are also known to better exploit renewable energy resources such as biomass, solar or geothermal energy.
Yet, developing and operating district heating networks is a challenging task as heat is difficult to transport
efficiently and requires large investments.
Apart from the obvious economy of scales obtained from centralised rather than local heat production, an
important advantage of district heating networks resides in the fact that all connected consumers will not need
their peak consumption at the same time. Therefore, the rated power of the district heating network may be
lower than the sum of the connected peak demand of the individual consumers. This improves the load factor
and allows to leverage the high investment costs. Yet, taking advantage of the aggregation of loads requires
a very accurate knowledge of the heating demands all throughout the year. To do so, monitoring data could
be used to analyse the opportunity of district heating networks and optimise their structure and operation [2],
however monitoring data for heating demands are very difficult to find and simulation is very often used instead
to deduce heat demand curves.
A very large number of methodologies have been developed to obtain these demand curves from the building
characteristics. They range from the very well known degree-days method [3] coupled to daily demand profiles
[4] to the use of heating degree-hours and other methods such the one developed in the library Demandlib
(see [5] for more details) that is based on air temperature and benchmark data. The very first scope of these



approaches is to simulate very large stock of buildings with synthetic information (the surface and the usage
of the building) to determine an average heating demand curve directly from annual energy consumption data.
These methods have the advantage of requiring very little data but do not take into account the individual
properties of the buildings (e.g., orientation, occupant behaviour, ...) and also depend on a standard base
temperature under which the building requires heating [6]. A slightly more advanced approach is considered
by the library TEASER (see [7] for more details) where building archetypes, statistical data and national and
international standards are used to simulate a large number of buildings from a minimum of information while
maintaining the accuracy.
In this work, the aforementioned methods are not appropriate as the individual character of every buildings
is overlooked, which prevents from properly predicting the peak loads and therefore to correctly evaluate the
opportunity of lumping different loads altogether on one district heating system to improve the load factor. For
example, while the tool TEASER enables the simulation of a large number of buildings in a dynamic and rapid
manner, it is still built from archetypes. One of the goal of this contribution is to be able to model buildings taking
into account their particular characteristics when they are available while considering standard configuration
when they are not. It is especially the case for tertiary buildings whose structure changes widely from one
building to the other and where different usages will generate totally different heat demand curve. The desired
modelling must therefore be parametrised, based on observable characteristics, while remaining fast, robust
and, hopefully, accurate. The first contribution of this work consists in defining a quick and accurate modelling
methodology applicable to tertiary buildings. Moreover, the fact that the model is parametrised with observable
characteristics (insulation thickness, orientation, window type, schedule of heating, regulation, ...) rather than
on standards makes it possible to investigate specific energy saving measures in great details and to evaluate
their influence on the operation of district heating networks.
The important outcome of the simulation are the peak demand (both in time and amplitude), the base demand
and the total energy consumption per month and per year. As a result, it is possible to evaluate the impact of
energy saving measures on the regulation and operation of the district heating network. On the one hand, a
methodology to model the buildings is first established. Then, the district heating network is introduced and
the basic assumptions are laid out. Two energy saving measures are considered herein namely, a change
in user behaviour (i.e., a modification of the setpoint temperature in the buildings), and an additional thermal
insulation.
In this contribution, the building stock model based on the library IDEAS [8] is used to build the simulation
model which, in turn, is coupled to a district heating simulation model so as to underline the strong dependency
between building renovation and/or regulation strategies and the operation/design of a district heating network.
The outcome of a more accurate building simulation based on the actual and specific building architecture/use
coupled to a model of the heat distribution is a more accurate evaluation of its thermal losses and pumping
work therefore improving the evaluation of the heat transport efficiency. Both the building model and the district
heating network model are thermal inertial models, taken into account the heat storage in the structure for the
former and the dynamic behaviour of heat transport for the latter. More, these models are intended to compare
the energy needs of the buildings and the district heating network for different energy policies and to study
their impact on the network operation. Therefore, this article does not quantify the amount of primary energy
required to operate the network or the associated emissions.
This contribution is primarily concerned on explaining the basic assumptions and philosophy of the building
simulation model and then underlines its usage in the frame of district heating network operation. This is done
by following an application framework from the campus of the University of Liège which is already equipped
with a district heating network and where energy saving measures are currently discussed. For sake of sim-
plicity, the test case is limited to a subset of 6 buildings among the 60 buildings located on the Campus. This
application is insightful to understand the influence of building renovation and occupant behaviour on the future
choice for the district heating network.
The methodology followed in this paper is described in Section 2.. Subsections 2.1. aims at describing the
proposed building model, the one whose compatibility with the modelling of the tertiary sector must be studied.
Subsection 2.2. describes the district heating network model and its assumptions. Then, Subsection 2.3.
presents the reference test case studied as well as the variants considered as retrofit policies. The results of
the simulations are then presented in Section 3.. This section is divided in different parts. First, the compatibility
of the building model with the tertiary sector is assessed thanks to a validation through monitoring data. Then
district heating simulation results for the variants are showed.

2. Methodology
The characteristics of a building simulation model is highly dependent upon its final use. Many building simula-
tion models are intended to forecast the comfort conditions or for control of HVAC equipment and thus require a
very detailed description of the building architectural structure. These models are usually accurate but require



an enormous amount of parameters not always available for existing buildings plus a significant amount of time
to setup the model. These approaches are achievable when one is interested in one specific building but is not
very accessible when hundreds of buildings or more have to be dealt with. Another important aspect resides
in the connection of the building model to the district heating network that must be done in a standardised way
whatever the complexity of the connected building, i.e., hourly heating and electrical demand.
2.1. Building simulation model
In order to benefit from previous research works in the modelling of district heating network (see [4]), the
platform Dymola [9] has been first selected as a common platform. It has the advantage to support the open
language Modelica and possesses numerous libraries for the building energy simulation. One specific library
has been used as a building block for the building energy simulation, namely the library IDEAS (Integrated
District Energy Assessment by Simulation) and developed by the KU Leuven (the interested reader is merely
referred to [8] for a more complete information). It is a proven and robust library with a thorough manual
available which provides rapid and safe implementation. It also provides, if necessary, a nice graphical user
interface and does not require a very large number of parameters to be used. It is able to handle very simple
buildings like houses and appartements but is also easily customisable to create complex building configura-
tions like the ones considered hereafter.
For the buildings models, different assumptions are made. The building is divided into zones representing a
set of rooms sharing the same temperature and ventilation requirements. This division into zones represents a
simplification of the modelling as the thermal inertia of the internal walls is not taken into account when several
rooms are lumped together. As an example, Fig. 1 exhibits the original available drawing of a building and
the corresponding zones. A further simplification consists in reducing the shape of the buildings to rectangular
zones so as to simplify the representation of complex buildings while keeping the exposed surfaces unchanged
as well as their orientation. Each zone consists of a uniform air volume, a heating model, a ventilation model
and the exterior surfaces (interior walls, exterior walls, windows, floors and ceilings). The model of a zone can
be seen in Fig. 2.

Figure 1: Building B37 first floor and its zones simplification.

The main air volume considers the large wavelength radiative heat exchanges and the radiative heat gain
distribution, as well as the air infiltrations. It is very important to highlight the fact that the model computes the
heat demand necessary to maintain the comfort conditions but does not assume any type of heating device
used in the building and therefore imposes no restriction on level of temperature at which the heat should
be delivered. This is done on purpose to focus on the energy demand as the building model is intended to
be integrated to a district heating network for which different levels of temperatures can be considered. The



Figure 2: Dymola model for buildings zone model. The blue zone is the ventilation model, with infiltrations and
natural ventilation based on wind speed. The red zone is the heating model which depends on the setpoint
temperature, indoor temperature and internal gains. The weather data block contains the weather file. The
walls, windows, roof and slab on ground models main parameters are the surface, the construction materials
and the orientation.

necessary heating power to be extracted from the district heating network to maintain the indoor temperature
is controlled by a PI controller comparing the measured temperature in the zone to the setpoint temperature.
The model for the ventilation is, for the time being kept at its simplest expression and considers only natural
ventilation through window opening. When the indoor temperature rises above 23°C, the windows are open
and the exchanged air flow rate is calculated based on the wind speed and the indoor and outdoor pressures.
The heat transfers (by conduction, convection and radiation) between one zone and the adjacent ones or
the exterior environment are considered in the exterior surfaces models. This model also takes into account
internal free gains related to occupancy, lighting and appliances. A typical meteorological year weather file is
linked to each building model in order to use external conditions such as temperature, solar radiation, humidity
and wind speed.
The different data needed to make the building model described above are the main dimensions of the building
required to estimate the heated volume and the exterior surface areas (solid and windowed), their orientation,
the infiltration rate, the building materials, a local weather file and the usage of the building. By the usage, it
is meant the control strategy, the occupancy level, the lighting and the appliances. This model is of course
simplified but has the advantage of rapid development mainly because of the zone blocks that can be easily
parameterised from accessible data. The most influencing parameters in terms of accuracy are the control
strategy (schedule and setpoint), the occupancy, the building envelope and the air flow interactions (infiltrations
and ventilation) (a more detailed explanation of these aspects can be found in [11]).
The construction of building models from the IDEAS library according to the proposed method has been de-
veloped on the basis of the test case of the International Energy Agency EBC Annex 60 [12]. To prove the
easy scalability of the approach, an automated procedure to build the models for this test case has been re-
alized. It allows an automatic model generation based on standard configurations customised according to
the specific building location, orientation and size. This test case includes a set of 23 residential buildings,
detached, semi-detached and terraced houses, and an office building. That approach proved to be satisfac-
tory in terms of accuracy both individually and globally. In this contribution, an important question addresses
the accuracy and feasibility of the approach on tertiary buildings where it is much more difficult to replicate



standard configurations.
2.2. District Heating Network Simulation
In this contribution a particular focus is put on the heat transport efficiency to satisfy the needs of the connected
buildings. The basic brick of this network is the district heating piping made of one supply and one return
pipe thermally insulated and buried into the ground. The model used for the pipes is the one collaboratively
developed in the context of the Annex 60 Modelica Library and the IBPSA Project 1 Modelica Library [14].
This model is very simple to setup as it is based on a plug flow model (i.e., non-compressible fluid) to forecast
the dynamic behaviour of the heat transport (i.e., the transport delays) and requires only the pipe length and
diameter to be specified. The friction (i.e., pressure) and thermal losses are calculated to provide an accurate
and complete picture of the transport losses. The general layout of the model is exhibited in Fig. 3 showing
that all the buildings are connected by deriving a portion of the flow to supply heat to the substation. The only
dynamic effect in the one-dimensional flow model is the thermal inertia. Both the mass and the momentum
inertia are considered negligible on the time scale of one-hour which is the basic time step considered in this
study.
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Figure 3: The model of district heating network where the pipes are in grey and the substation heat exchangers
are in white. The supply flow is in red and the return flow is in blue.

The mass and momentum conservation involve:

ṁ =
i=n∑
i=1

ṁi + ṁbypass and psu,i − pex ,i = Khex ,iṁ2
i , (1)

together with pipe friction losses:

psu,i − psu,i−1 = Ksu,i

(
ṁ −

k=i−1∑
k=1

ṁi

)2

and pex ,i−1 − pex ,i = Kex ,i

(
ṁ −

k=i−1∑
k=1

ṁi

)2

(2)

where Khex ,i , Ksu,i and Kex ,i are constant characteristics of the heat exchanger and pipe configuration. The
mass flow rate in the piping system is forced by a circulation pump with a characteristic:

psu,0 − pex ,0 =
∆p0

N2
nom

· N2 + c2 · ṁ2, such that, Wpump =
ṁ
ρ

· (psu,0 − pex ,0) ·∆t , (3)

where ∆p0 is the no flow head at nominal rotational speed that is a function of the squared rotational speed,
c2 a constant specifying the nominal operating conditions and ∆t is the considered time period. The rotational
speed N is controlled by a PI controller between 20% and 100% of its nominal value so as to maintain the return
temperature Tex ,0 at the setpoint value. For low flow conditions (i.e., that would correspond to N < 20%N0)
the return temperature is allowed to fluctuate. An efficiency of 60% is considered to compute the electricity
consumption of the pumps.
The only time dependency is due to the dynamic of the heat transport into the pipe introducing a delay between
the entry temperature and the exhaust. Therefore, the pipe exhaust temperature Tsu,i (t) and the thermal losses
Q̇loss,i (t) depend on the past history of temperatures {Tsu,i−1(0) ... Tsu,i−1(t)} and mass flow rates {ṁ(0) ... ṁ(t)}
and {ṁi (0) ... ṁi (t)}. A similar reasoning holds for the return pipes. The detailed resolution algorithm used to
determine the pipe exhaust temperature and thermal losses is beyond the scope of this contribution and the
interested reader is merely referred to [14] for a more thorough information.
The supply temperature Tsu,0 is ensured by a heat source (from the Modelica library Buildings [13]) represent-
ing the centralised heat generation. The return pipe temperature results from the heat extraction at each of
the substation according to the building heat demand. Again for sake of simplicity, the heat transfer across



the substation is not fully modelled and the heat demand is directly extracted from the primary flow with a
minimum bound on the exhaust temperature Tex ,i in order to ensure it is always above the inner temperature
of the building (plus the pinch point of the different heat exchangers) according to:

Q̇i = min
[
ṁi · cp · (Tsu,i − Tex ,i ) ; ṁi · cp · (Tsu,i − Tex ,min)

]
(4)

where Tex ,min is fixed according to the heat exchanger and substation configuration (here Tex ,min = 35 ◦C).
The different aforementioned equations are implemented in Modelica on the Dymola program with the hourly
heat demand curves of the buildings as an input for the substation models. This implies that the indoor comfort
conditions of the buildings are not evaluated inside the district heating network model. The goal of the network
through the substation model is to satisfy the load as much as possible.
Finally, the network is equipped with a bypass circuit whose mass flow rate is controlled by a valve according
to:

psu,n − pex ,n = Kvalveṁbypass (5)
where again Kvalve is constant characteristic. An expansion tank upstream of the pump is also installed to
ensure a constant pressure pex ,0 at the pump supply.
The independent variables are the supply temperature Tsu,0, the return pressure pex ,0, the setpoint for the
return temperature Tex ,0 and the set of heat rates Q̇i ∀i ∈ [1, 6]. With these boundary conditions and a suitable
initial state of the system, the set of differential algebraic equations is solved by Dymola.
It is important to note that, according to equation 4, the required heat might not be available at the substation
if the mass flow rate is not sufficient. If such conditions happen, there is no feedback on the building model to
adapt the inner conditions accordingly to ensure the robustness of the resolution algorithm. Instead, an alarm
is triggered that comfort conditions might not be met.
2.3. Case studies
2.3.1. Description

The objective of this test case is twofold. At first, it is intended to verify the accuracy of the model for tertiary
buildings. The case of the university campus is particularly suited as lots of monitoring data are easily ac-
cessible for validation in terms in supply and exhaust temperature and mass flow rate. Secondly, the set of
buildings is a good test to verify the integration of the building models into the district heating network in terms
of robustness and accuracy. It is also a nice way to verify the scalability of the approach by replicating the
procedure for the implementation of the model on existing buildings with very different characteristics.
The studied test case is the district heating network of the Polytech district on the Sart-Tilman campus of
the University of Liège. This considered district is composed of 6 buildings: B28, B37, B47, B49, B52 and
B65. They have various functions, such as classrooms, offices, laboratories, cafeteria, and a library. They,
consequently, have different heating schedules or temperature settings. These buildings were also built in
different time periods, between the 1970s and 2010s, and therefore have varying levels of insulation. The
case studies only take into account the heating of the buildings and not the domestic hot water. The network
is operated between 80 ◦C and 60 ◦C. The weather file used is a TMY file of the weather station of Uccle,
the reference weather station in Belgium, with some modifications for the exterior temperature, to account for
specific extreme conditions.
The reference case is based on the current use of the buildings and 6 buildings have been modelled and
divided into zones based on the available existing drawings. The parameters specific to each building are
collected namely, the heated volumes, the window areas, the wall orientations, the insulation materials, the
heating schedules, the occupancy rates, the internal free gains and the setpoint temperature. For example, for
the building B37, which is mainly an office and classroom building, the heating schedule is from 8 am to 5 pm,
internal gains of a computer are considered by occupant, the temperature setpoint is 21 ◦C, etc.
The proposed model is particularly well suited for testing the influence of user behaviour as the inner setpoint
temperature are easily accessible. Moreover, as the building model is essentially dynamic, transient effects
due to thermal inertia are taken into account so that the effect of user behaviour on the heat demand can be
expected to be accurately assessed.
Also changing thermal insulation and/or adding some insulation is straightforward and can be done by changing
the value of different parameters, without having to rebuild the model from scratch. Quantifying load curve
changes following a building modification is therefore quick and easy and can be done in less than 2 hours,
computation time included. The time required depend on the number of zones and surfaces. The fewer zones
and areas there are, the faster the modification, hence the interest in optimizing the zones and areas.
2.3.2. Change in user behaviour

The first modification to be considered is a change in user behaviour realised by modifying the inner setpoint
temperature and to check the influence on the operation of the district heating network. For each building,



the setpoint temperature in each zone is lowered from 21 ◦C to 19 ◦C, while keeping all other parameters
unchanged. This modification follows closely what happened during the energy crisis during the year 2022
and the results are great interest for the authorities of the university.
2.3.3. Insulation of the building stock

The second modification consists in increasing the thermal insulation of the building stock. Not all the buildings
are equal with such a modification as some pretty old buildings will see their heat demand greatly influenced
while more recent ones will not. Again, this case study reflects some of the actions taken by the authorities of
the university to decrease on the long term the building energy consumption. The following rules are followed:

• For buildings with single glazing, replace the existing frames with new PVC and double glazing frames.

• For buildings already having double glazing, do not replace frames and glazing.

• For all buildings, add a 14 cm thick layer of glass wool insulation, in addition to any existing insulation.

Glass wool is an affordable and commonly used material. Its price ranges between 20 and 25e/m2 1 and its
thermal conductivity between 0.03 and 0.05 W m−1 K−1 [15] which is superior to the insulation already installed
on the buildings.

3. Results
3.1. Validation of the buildings models
Before proceeding to the different test cases, a validation phase is carried out to check whether or not the
accuracy of the model is compatible with our application framework, namely the simulation of tertiary buildings.
The simulation results of the 6 buildings of the Sart Tilman campus are compared to the available monitoring
data in Table 1. Fig. 4 exhibits the heating demand curve of the B52 building offices during one winter day. It
shows that the simulation results compare well to the monitoring results. The curves show the same pattern,
with similar peak demands occurring at the same time of day. The root mean squared (RMS) error between
the simulation results and the monitoring data is 85 kW. Accordingly, it can be concluded that the proposed
methodology is applicable to tertiary building. In addition to the result accuracy, the modelling method allows
the building models to be quickly setup (between half a day and two days depending on the number of zones
in the building) and exhibits great robustness in terms of computation. Moreover, the standardisation of the
approach enables different people to collaborate and associate their model as an input to the district heating
network model.

Table 1: Buildings heating consumptions from monitoring data and simulation heating needs for the 3 scenarios
[MWh]

Monitoring data [MWh] Reference scenario [MWh] Scenario A [MWh] Scenario B [MWh]
B28 642 544 482 299
B37 242 186 162 160
B47 Not available 66 59 44
B49 Not available 112 89 89
B52 1396 1219 1062 1129
B65 17 13 10 11
Total / 2140 1864 1732

3.2. Impact on peak load and buildings annual energy consumption
As detailed in the previous section, two improvement scenarios are considered: the so-called scenario A where
the setpoint is decreased to 19 ◦C and the scenario B consisting of an increased thermal insulation.
An interesting point of view is to compare the load curves of the different scenarios as exhibited in Fig. 5 and
representing the cumulative number of hours during which a certain level of power is at least required. The
intercept of the load curve with the y-axis (the heating power) is the peak load which is unchanged for scenario
A with respect to the reference case while scenario B exhibits a decreased peak load from 3.9 MW to 3.5 MW
(minus 10 %). The area under the load curve being the total energy consumed within a year, Fig. 5 shows
that the reference case forecasts an annual energy demand of 2140 MWh which decreases to 1864 MWh and
1732 MWh respectively for the scenarios A and B respectively. The energy savings are therefore respectively
13% and 19% for each of the two variants.

1https://conseils-thermiques.org/contenu/laine-de-verre.php
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Figure 4: Heating demand profile of B52 offices over a winter day in 2022, simulation and monitoring results.
RMS error over the year is 85 kW.

If one take a closer look at a smaller scale for the different buildings, it is is also insightful to see the discrepan-
cies between the efficiency of one single measure on different buildings. Table 1 contains the simulated annual
heating consumption for the three cases and the six buildings. It is interesting to see that already insulated
buildings are less sensitive to energy saving measures. Indeed, for scenario B, with the added insulation layer,
the average energy saving is around 23%. But by focusing on already insulated buildings, this economy is only
of 12%, while it is of 33% for older buildings. For scenario A, the average energy savings are around 15%,
and the results are quite similar for insulated and not insulated buildings. The conclusion is that a decrease of
the setpoint temperature allows a uniform savings on the whole buildings, while the massive insulation of the
building stock gives better energy savings on the least well insulated buildings.
3.3. Impact on electrical consumption of pumps and thermal losses
Heat transport efficiency is defined here as the ratio between the heat delivered to the building to the heat
supplied to the district network and is a very important performance indicator, yet not the only one, as it
characterises the rational energy use.
Table 2 summarizes the annual energy supplied to the district heating network, the annual heat losses and the
annual pumping electricity consumption for the three considered cases. Reducing the setpoint temperature to
19 ◦C decreases energy consumption (minus 8.3%) while insulating the buildings results in an energy saving
of 12.3%. In terms of electricity consumption from the pumps, the savings are 10.9% and 19.6% respectively
for scenarios A and B.
This can readily be understood by a decrease of the mass flow rate for scenarios A and B which has a major
effect on pumping consumption that is directly proportional to the mass flow rate while thermal losses are not
significantly impacted as they are mainly driven by the pipe diameter and the supply and return temperatures
that remained constant across the different test cases.
The heat losses represent 38.2% of the total injected energy into the district heating network for the 19 ◦C
case. This figure goes to 40.0% for the scenario B, against 34.5% for the reference case. This shows that in
the reference case, 65.5% of the energy consumed by the entire network is used for buildings heating while for
the two scenarios this figure decreases to 61.8% and 60.0% of the total energy supply.
Heat transport efficiency might be a misleading figure as improving the energy efficiency of the buildings de-
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Figure 5: Overall load duration curves for the reference scenario and the two variants.

creases the energy efficiency of the network. Yet, one must bear in mind that the total energy input decreased
but the transport losses are more difficult to decrease.
Moreover, the present analysis is purely made on an energy basis but the economic and/or environmental
cost of heat and electricity should be taken into account. Nonetheless, these discussions also show that
energy saving policies on building connected to district heating network cannot be done without studying the
consequences on the operation of the network.

Table 2: DHN energy supply, heat losses and electrical pump consumption for the 3 cases (expressed in MWh)

Reference scenario [MWh] Scenario A [MWh] Scenario B [MWh]
DHN energy supply 3292 3018 2886

DHN heat losses 1152 1154 1154
Electrical pump consumption 46 41 37

4. Conclusion
This work is primarily dedicated to the development of an integrated approach of building energy simulation
for large building stock. This modelling approach allows a quick yet accurate simulation so as to obtain hourly
buildings heat demand. The final objective is to connect these building models to a district heating network
model. The knowledge of the load curves and peak demand (both in time and amplitude) has been shown to
be essential. The main assumptions have been explained to introduce the building simulation model, based
on the IDEAS Modelica library providing ease of use and robustness.
One important question also concerned the validity of the approach, already validated for residential building,
for the tertiary buildings that are more heterogeneous in nature and use. The test case presented herein tends
to demonstrate that the approach is purposeful both from a practical (it is easily scalable) and from an accuracy



point of view. The different models have been validated based on monitoring data showing that both the peak
demand and the annual energy consumption represent faithfully the actual situation.
One important aspect characterising the present approach is that most of the methodologies for large scale
building simulation are based on a top-down approaches starting from the annual energy consumption (based
on benchmark) spread across the year on an hourly basis using pre-defined daily profiles and average daily or
hourly temperature profiles. Contrarily, the presented method is a bottom-up approach based on the structure
and use of the building able to predict both the peak demand and annual energy accurately thus providing a
straightforward way to forecast the efficiency of energy saving measures.
In a second step, two energy saving scenarios are applied to evaluate their impact on the load curve and, in
turn, on the operation of the district heating network. The considered energy saving measures are a modifi-
cation of the setpoint temperature in the buildings and an increased insulation of the building envelope. The
main conclusions drawn from the simulations is that when a district heating network is used it is very difficult to
separate building energy saving measures from the network operation/design.
The presented model still requires some improvements mainly on the side of a better regulation by adapting
more actively the supply temperature to the heat demand to decrease the thermal losses. The model of the
substation also needs to be improved to avoid the recourse to a minimum exhaust temperature and model the
heat exchanger efficiency to forecast the maximum heat demand supplied by the substation. However, the
basic philosophy of the different developed models seems to be purposeful to consider very large district with
thousands of buildings.

Nomenclature
ṁ mass flow rate, kg/s

p pressure, Pa

K pressure drop coefficient, kg−1m−2

N pump rotation speed, rpm

W pump work, J

ρ density, kg/m3

Q̇ power, W

Ṫ temperature, K

cp specific heat, J/(kgK)

Subscripts and superscripts

i substation index

su supply to the substation

ex exhaust of the substation
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Abstract: 

In the research field of district heating networks (DHNs), there is a need for more analysis on the economic 
optimization of the design and dynamic operation considering precise representations of the temperature and 
pressure drops in the pipes of the system. In this study, we develop a model tested in an academic case study 
of a DHN composed of a production unit, a distribution network, and twenty consumers. The dynamic behavior 
of the DHN is due to the variability of the heat demand and ambient temperature over a daily period. Inside 
the pipes, the temperature variation is described by a dynamic one-dimensional heat transfer equation while 
the pressure drops are computed using the Darcy-Weisbach equation. Energy and mass balances are applied 
in the interconnecting nodes of the system. In addition, the model includes design and operational constraints 
of the DHN. All these equations lead to a partial differential algebraic equation (PDAE) problem. Using the 
method of orthogonal collocation on finite elements (OCFE), the differential terms are discretized to obtain a 
set of algebraic equations. The resulting non-linear programming (NLP) problem is solved with an equation-
oriented (simultaneous) approach using the solver CONOPT. The aim of the optimization is to find the best 
trade-off between the capital expenditures (CAPEX) of the pipes and the operational expenditures (OPEX) by 
considering the pipe diameters, temporal values of mass flows and spatio-temporal values of temperatures of 
each pipe as continuous optimization variables. The CAPEX include the cost of the pipes and the cost of 
deploying them in trenches. The OPEX include both production and pumping costs which are related to thermal 
losses and pressure drops, respectively. As the pumping cost is significantly lower than the heat production 
cost, the results showed that it is more economical to reduce the thermal losses than the pressure drops. 

Keywords: 
District Heating Network; Dynamic optimization; Non-Linear Programming; Orthogonal Collocation on Finite 
Elements. 

1. Introduction 
Heating and cooling demand accounts for around half of global final energy consumption. Nearly half of this 
energy is used in industrial processes, 46% is used in residential and commercial buildings mainly for space 
and water heating. Most of the energy used for heating and cooling continues to be produced from non-
renewable sources. Consequently, heating and cooling is responsible for 40% of energy-related greenhouse 
gas emissions [1]. The development of district heating and cooling (DHC) systems is a good answer to face 
these energy and environmental issues. This technology has the advantage of accelerating energy transition 
by integrating an important part of renewable sources and waste heat. Due to their considerable investment 
and operational costs, currently in the energy field, one of the important challenges is the development of tools 
and methods for the optimization of DHC networks. 
According to how the time dependency is taken into account in the model, it is possible to classify the works 
on the optimization of DHC into four main categories: steady-state, quasi-steady-state, dynamic multi-period, 
and dynamic. In the steady state models, the optimization is performed with no time dependency considering 
averaged values for the operating parameters like mass flows and temperatures in the system. In most of the 
cases, the optimization problem is of the mixed integer programming type [2–4]. In [2] and [3] mixed integer 
linear programming (MILP) approaches are used for the optimizations of the operational cost and the total 
annual cost, respectively. Linear equations for the computation of thermal losses and pressure drops in the 
pipes are defined. In [4], the authors chose a mixed integer non-linear programming (MINLP) approach where 
the global cost of a district heating network (DHN) is optimized over 30 years. The thermal losses and pressure 
drops were computed with more precise equations. For the 3 previous studies, the discrete variables represent 
the design choices (connection in the topology nodes and/or the choices of production technologies). On the 
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other hand, the continuous variables represent the operating parameters (production power, flows, 
temperatures, …). The authors of [5] opted for a non-linear programming (NLP) resolution where they used a 
numerical continuation strategy that gradually forces the design variables towards discrete choices. Steady-
state models are interesting for long-term studies, but one of their main drawbacks is not considering a variable 
heat demand.  
In what we classified as quasi-steady-state studies, it is possible to consider different values of the heat 
demand. The optimization is performed within a time interval which is subdivided into periods. For each period, 
the heat demand is averaged. The problem is a succession of steady-state problems. In this type of studies, 
Liu et al. [6] modeled an optimization of design parameters of a solar heating network. They took into account 
only discrete decision variables which were the network layout variables and pipe diameters. Sameti and 
Haghighat [7] studied the optimal design and operation of a DHN with a cogeneration unit. A MILP model was 
employed, and different buildings with different heat demands were considered. This kind of model is suitable 
for medium-term studies; however, it presents limits with dynamic aspects. As it does not include differential 
equations, for example, it is impossible to have the evolution of a thermal energy storage (TES) tank from one 
period to another. 
In terms of time discretization, the studies we classify in the dynamic multi-period approach are quite similar 
to the previous category. The main difference is that they include at least one differential equation. In this 
category, Deng et al. [8] developed a MINLP model to perform what they called an optimal scheduling of a 
DHC. For each period, they define whether the technology is working or not, and the amount of power it 
produces (or charges/discharges in case of storage). Wirtz et al. [9] were also interested in the choice of 
technologies and the amount of produced and stored power of a DHC with multiple production technologies 
and TES. In addition, they optimized the temperature in the distribution network and the thermal losses. We 
have also  Söderman [10] who optimized the topology and the operation to minimize the total annual cost of a 
district cooling network (DCN). He considered different consumers with different heat demands in each period. 
Another interesting study is the optimization of Khir and Haouari [11] of a DCN. They optimized chiller plant 
capacity, storage tank capacity, piping network size and layout, and produced and stored power during every 
period. In their operation, they ensure that supplied temperature corresponds to the desired one and that 
pressure drops are within the allowable limits. This type of works is suitable for medium-term studies with 
inclusion of dynamic aspects. In contrast, as they consider an important time step (≥ 1 hour), it is difficult to 
perform real-time control and/or to have precise evolutions of physical phenomena in the pipes.  
What we chose to classify as dynamic approaches are the works that considered a small time step (<1 hour) 
and a short period of study (1-3 days generally). Two sub-categories can be distinguished, the studies that are 
for real-time optimization and the ones for dynamic offline optimization. In real-time models, Cox et al. [12] 
used a genetic algorithm to have the optimum control strategy of the operation of chillers and ice storage of a 
DCN. Lu et al. [13] developed a NLP optimization for the regulation of the operating parameters of a DHN. The 
limit with real-time models is that they require the calculation of the command in a short time. Therefore, they 
do not have precise thermo-hydraulic modeling of the pipes. This is where the interest of dynamic offline 
optimization (DOO) comes in with the possibility of having longer computation time; therefore, more accurate 
modeling of the pipes. In the DOO, Schweiger et al. [14] proposed a methodology to decompose a MINLP 
optimal control problem of a DHN into two sub-problems. A mixed problem to minimize the operational cost 
and a continuous one to minimize the production temperature. Nova Rincon et al. [15] studied another aspect 
of the optimal operation of a DCN. To avoid the technical issue of “Low ΔT syndrome” which reduces the 
efficiency of the system, they optimized the mass flows and temperatures in the distribution network to 
minimize the difference between the outlet temperature of consumers and a design outlet temperature. As 
they solve differential equations with a small time step, the DOO approaches have significant resolution times. 
To our knowledge, this is why we do not find studies that optimize at the same time the design and the dynamic 
operation of a DHC with accurate thermo-hydraulic modeling of the pipes. The originality of this work is that 
we conduct an optimization of the pipe diameters and the dynamic operation of a DHN with an economic 
objective function while having a precise modeling of the pipes.  
In this study, we present a methodology for the optimal operation of an academic case study of a DHN 
comprised of twenty consumers over a daily study period. In addition to the optimization of mass flows and 
temperatures in the distribution network, the pipe diameters are also optimized. Considering a variable ambient 
temperature, a dynamic one-dimensional heat transfer equation is used to define the temperature evolution in 
the pipes. The Darcy-Weisbach equation is employed to compute the pressure drops in the distribution 
network. In the following parts, firstly we expose the case study. Secondly, we introduce the physical, the 
design and the operational constraints in addition to the objective function of the problem. Finally, we present 
the results and conclusions.   

2. Case study 
For this study, we used the same topology of the network presented in Figure 2 of [15] that serves 20 different 
consumers. In the outward path, there are 41 pipes, 21 main pipes (0 − 20) and 20 lateral pipes (𝑖𝑛1 − 𝑖𝑛20). 
The lateral pipes are directly connected to the consumers through a sub-station unit where the thermal power 



is transferred from the distribution network to the consumer’s heating system. The return path is also comprised 
of 41 pipes that are parallel to the outward path (0𝑟 − 20𝑟 and 𝑜𝑢𝑡1 − 𝑜𝑢𝑡20). The network is then constituted 
by 1 production unit, 20 substations and 82 pipes with a total length close to 19 km. In what follows, we use 𝑘 
as the index for all the pipes, 𝑝, 𝑝𝑟 , 𝑖𝑛𝑝 and 𝑜𝑢𝑡𝑝 as the sub-indexes for main outward pipes, main return pipes, 
lateral pipes entering consumers and lateral pipes leaving consumers, respectively. 

 

Figure 1.  Representation of the network's configuration [15]. 

Concerning the heat demand, the same daily profiles used in district B of [16] are taking into account. Two 
types of profiles are considered, one for residential buildings, and one for commercial buildings. Table 1 shows 
the distribution of the type of buildings and their peak demand. The two profiles are represented as a function 
of the peak demand of each consumer as shown in Figure 2. To have a continuous representation of the two 
types of profile over time, a fit function was introduced for each profile. The two heat demand profiles of Figure 
2 are defined by a sum of sinusoidal functions of the form: 
𝐷𝑒𝑚𝑎𝑛𝑑(𝑡) = ∑ 𝛼𝑖 ∙ sin(𝛽𝑖 ∙ 𝑡 + 𝛾𝑖)

8
𝑖=1  (1) 

where 𝛼𝑖, 𝛽𝑖  and 𝛾𝑖 are coefficients of the demand function. 

Table 1.  Type of consumers and their peak demands. 
Consumer Type Peak demand Consumer Type Peak demand 
C1 Commercial 1500 C11 Commercial 720 
C2 Commercial 1260 C12 Residential 180 
C3 Residential 360 C13 Residential 450 
C4 Commercial 1440 C14 Commercial 1500 
C5 Residential 210 C15 Commercial 1050 
C6 Commercial 1020 C16 Commercial 540 
C7 Residential 240 C17 Commercial 990 
C8 Commercial 600 C18 Commercial 1200 
C9 Commercial 990 C19 Commercial 1170 
C10 Commercial 420 C20 Commercial 1110 
 
In Figure 3, the total heat demand of the network is represented. Its evolution is quite the same as the one of 
the commercial demand, because there are 15 commercial buildings in this case study and they have a higher 
peak demand than residential buildings. In the same figure, we also have the ambient temperature evolution 
which is one of a not very cold winter day. 

3. System modeling 
The model of the DHN is comprised of energy and mass conservation equations at each node and sub-station 
of the system. Inside every pipe, a heat transfer equation describes the temperature evolution. In this latter, 



the mass flow is time dependent, while the temperature is time and space dependent. In addition, the Darcy-
Weisbach equation describes the dynamic evolution of pressure drops in the pipes. In the following parts, we 
will detail the different equations of the system. These equations represent the physical, design and operational 
constraints of the optimization problem. 

 

Figure 2.  Heat demand profiles. 

 

Figure 3.  Total heat demand and ambient temperature profiles. 

3.1. Production unit, nodes and sub-station 

At the production level, we consider one fixed technology that delivers the hot water at a constant temperature: 
𝑇𝑝=0(𝑡, 𝑥 = 0) = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 (2) 

At every interconnecting node of the network, the mass balance is applied. For the outward path, we have:  
�̇�𝑝(𝑡) = �̇�𝑝+1(𝑡) + �̇�𝑖𝑛𝑝

(𝑡)   𝑝 = 1…12, 14…19  

�̇�𝑝(𝑡) = �̇�𝑖𝑛𝑝
(𝑡)   𝑝 = 13, 20 (3) 

�̇�0(𝑡) = �̇�1(𝑡) + �̇�14(𝑡)   

For the return path, we have: 
�̇�𝑝𝑟

(𝑡) = �̇�(𝑝+1)𝑟
(𝑡) + �̇�𝑜𝑢𝑡𝑝

(𝑡)   𝑝 = 1…12, 14…19  

�̇�𝑝𝑟
(𝑡) = �̇�𝑜𝑢𝑡𝑝

(𝑡)   𝑝 = 13, 20 (3) 

�̇�0𝑟
(𝑡) = �̇�1𝑟

(𝑡) + �̇�14𝑟
(𝑡)   

In the outward path, the nodes are splitters so the temperature entering the node is equal to the temperature 
leaving it: 



𝑇𝑝(𝑡, 𝑥 = 𝐿𝑝) = 𝑇𝑝+1(𝑡, 𝑥 = 0) = 𝑇𝑖𝑛𝑝(𝑡, 𝑥 = 0)   𝑝 = 1…12, 14…19    

𝑇𝑝(𝑡, 𝑥 = 𝐿𝑝) = 𝑇𝑖𝑛𝑝(𝑡, 𝑥 = 0)   𝑝 = 13, 20   (4) 

𝑇0(𝑡, 𝑥 = 𝐿𝑝) = 𝑇1(𝑡, 𝑥 = 0, ) = 𝑇14(𝑡, 𝑥 = 0)     

In the return path, the nodes are mixers. We apply an energy balance considering the equality between the 
inlet and outlet enthalpy flows. Assuming a constant specific heat capacity between the inlet and the outlet, 
the equation is:  
�̇�𝑝𝑟

(𝑡) ∙ 𝑇𝑝𝑟(𝑡, 𝑥 = 0) = �̇�(𝑝+1)𝑟
(𝑡) ∙ 𝑇(𝑝+1)𝑟(𝑡, 𝑥 = 𝐿(𝑝+1)𝑟) + �̇�𝑜𝑢𝑡𝑝

(𝑡)𝑇𝑜𝑢𝑡𝑝(𝑡, 𝑥 = 𝐿𝑜𝑢𝑡𝑝)     𝑝 = 1…12, 14…19  

𝑇𝑝𝑟(𝑡, 𝑥 = 0) = 𝑇𝑜𝑢𝑡𝑝 (𝑡, 𝑥 = 𝐿𝑜𝑢𝑡𝑝)   𝑝 = 13, 20   (5) 

�̇�0𝑟
(𝑡) ∙ 𝑇0𝑟(𝑡, 𝑥 = 0) = �̇�1𝑟

(𝑡) ∙ 𝑇1𝑟(𝑡, 𝑥 = 𝐿1𝑟) + �̇�14𝑟
(𝑡)𝑇14𝑟(𝑡, 𝑥 = 𝐿14𝑟)       

𝐿, �̇�(𝑡) and 𝑇(𝑥, 𝑡) are the pipe length, mass flow and temperature of water in the pipes. 𝑥 and 𝑡 represent the 
time and distance dependencies.  
The sub-station unit is also defined by mass and energy balance equations. The flow going from the outward 
path to the substation is equal to the flow going from the substation to the return path. Assuming a constant 
specific heat capacity, the energy balance is defined to have a difference in enthalpy flows between the inlet 
and the outlet equal to the demand. The conservation equations of the sub-station are: 
�̇�𝑖𝑛𝑝

(𝑡) = �̇�𝑜𝑢𝑡𝑝
(𝑡)   𝑝 = 1…20 (6) 

𝐷𝑒𝑚𝑎𝑛𝑑(𝑡) = �̇�𝑖𝑛𝑝
(𝑡) ∙ c𝑤 ∙ [𝑇𝑖𝑛𝑝(𝑡, 𝑥 = 𝐿𝑖𝑛𝑝) − 𝑇𝑜𝑢𝑡𝑝(𝑡, 𝑥 = 0)]   𝑝 = 1…20 (7) 

c𝑤 is the specific heat capacity of water.  
3.2. Thermal model of the pipe 

As stated in [17], the choice of an adequate pipeline model that gives a good trade-off between accurate 
physics and computing costs is a key challenge for DHN optimization. As proposed in previous studies 
[14,18,19] we use a one-dimensional energy balance in the pipe which is described by the partial differential 
equation (PDE) written in Eq. (8). This heat transfer equation is submitted to the following assumptions: 
▪ Plug flow 
▪ Neglected axial conductive heat transfer in the fluid 
▪ Material properties are constant and independent of temperature  
▪ Thermal interaction between the supply and return pipes is not included 
▪ Thermal inertia of the pipes, casing and insulation is neglected 

𝜌 ∙ 𝑐𝑤 ∙ 𝐴𝑘 ∙
𝜕𝑇𝑘(𝑡,𝑥)

𝜕𝑡
+ �̇�𝑘(𝑡) ∙ 𝑐𝑤 ∙

𝜕𝑇𝑘(𝑡,𝑥)

𝜕𝑡
=

𝑇𝑠(𝑡)−𝑇𝑘(𝑡,𝑥)

𝑅𝑘(𝑡)
    (8) 

𝑘 = {0,… , 20, 0𝑟 , … , 20𝑟 , 𝑖𝑛1, … , 𝑖𝑛20, 𝑜𝑢𝑡1, … , 𝑜𝑢𝑡20}  
𝜌 and 𝐴 are the water density and cross section area, respectively. 𝑅(𝑡) represents the total dynamic thermal 
resistance per unit length of pipe and 𝑇𝑠(𝑡) is the temperature of the soil surface.  
The total thermal resistance over time 𝑅(𝑡) depends on the thermal conductivities of the pipe, insulation, 
casing and soil. 𝑅(𝑡) depends also on the internal convective heat transfer between the water and the inner 
wall of the pipe and is given by [18]: 

𝑅𝑘(𝑡) =
1

2𝜋𝑟𝑎𝑘
ℎ̅𝑘(𝑡)

+
ln(

𝑟𝑏
𝑟𝑎𝑘

)

2𝜋𝜆𝑎𝑏
+

ln(
𝑟𝑐
𝑟𝑏
)

2𝜋𝜆𝑏𝑐
+

ln(
𝑟𝑑
𝑟𝑐
)

2𝜋𝜆𝑐𝑑
+

1

𝑆𝑘𝜆𝑠
 (9) 

where 𝜆𝑎𝑏 , 𝜆𝑏𝑐 , 𝜆𝑐𝑑  and 𝜆𝑠  represent the thermal conductivities of the pipe, insulation, casing and soil, 
respectively, and 𝑟𝑎, 𝑟𝑏, 𝑟𝑐 and 𝑟𝑑 are the different radiuses from the inner wall of the pipe to the casing, as it is 
shown in Figure 4. 
𝑆 is the conduction shape factor, for 𝑑 > 3𝑟𝑑, it can be approximated by [20]: 

𝑆𝑘 =
2∙𝜋∙𝐿𝑘

ln(
4∙𝑑

2∙𝑟𝑑
)
 (10) 

where 𝑑 is the distance between the pipe axis and the soil surface. 



ℎ̅(𝑡) is the convective heat transfer coefficient over time averaged for the entire length of the pipe, it is 
computed by:   

ℎ𝑘̅̅ ̅(𝑡) =
𝑁𝑢𝑘̅̅ ̅̅ ̅̅ (𝑡)∙𝜆𝑤

𝐷𝑎𝑘
 (11) 

 

Figure 4.  Representation of the buried pipe [15]. 

where 𝐷𝑎 is the pipe internal diameter (𝐷𝑎 = 2𝑟𝑎), 𝑁𝑢̅̅ ̅̅ (𝑡) is the Nusselt number over time averaged for the 
entire length of the pipe and 𝜆𝑤 is the thermal conductivity of water. Assuming that the system operates under 
a turbulent regime (Reynolds ≥ 9000), we use the correlation of Dittus-Boelter [21] to compute the Nusselt 
number in a circular tube: 
𝑁𝑢̅̅ ̅̅ 𝑘(𝑡) = 0.023 ∙ (𝑅𝑒𝑘(𝑡))

0.8 ∙ 𝑃𝑟0.4 (12) 

𝑅𝑒(𝑡) and 𝑃𝑟 are the Reynolds number over time and the Prandtl number, respectively: 

𝑅𝑒𝑘(𝑡) = 
2∙𝜌∙𝑣𝑘(𝑡)∙𝐷𝑎𝑘

𝜇
 (13) 

𝑃𝑟 =
𝜇∙𝑐𝑤

𝜆𝑤
 (14) 

𝑣(𝑡) and 𝜇 are the flow velocity over time and dynamic viscosity of water, respectively. 
3.3. Hydraulic model of the pipe 

The work of the pumps in the distribution network is directly related to the pressure drops. For each pipe, to 
compute the linear pressure drops, the Darcy-Weisbach equation is used: 

Δ𝑃𝑙𝑖𝑛𝑒𝑎𝑟𝑘(𝑡) = 𝑓𝑘(𝑡) ∙
𝐿𝑘

𝐷𝑎𝑘
∙ 𝜌 ∙

[𝑣𝑘(𝑡)]
2

2
   𝑘 = {0,… , 20, 0𝑟 , … , 20𝑟 , 𝑖𝑛1, … , 𝑖𝑛20, 𝑜𝑢𝑡1, … , 𝑜𝑢𝑡20} (15) 

𝑓(𝑡) represents the friction factor over time which depends on the flow regime and the rugosity of the pipe. For 
4 ∙ 103 ≤ 𝑅𝑒 ≤ 108  and a relative roughness 𝜀/𝐷  smaller than 10−2 , it can be computed by the form of 
Colebrook-White equation proposed by Moody [22]: 

𝑓𝑘(𝑡) = 0.0055 {1 + [2 ∙ 104 (
𝜀

𝐷𝑎𝑘

) +
106

𝑅𝑒𝑘(𝑡)
]
1/3

} (16) 

We assume that we have smooth pipes, which means 𝜀/𝐷𝑎𝑘
= 0. The singular pressure drops are assumed 

to be equal to 30% of the total pressure drops [4]. In each branch, the total pressure drop is equal to the sum 
of the linear and singular pressure drops. As we have parallel connections, we choose the longest path to 
compute the linear pressure drops. For the left branch (LB), the pressure drop is: 
Δ𝑃𝑇𝑜𝑡𝑎𝑙𝐿𝐵(𝑡) =

1

0.7
∑ Δ𝑃𝑙𝑖𝑛𝑒𝑎𝑟𝑘(𝑡)𝑘𝐿𝐵

 (17) 

with: 𝑘𝐿𝐵 = {1,… ,13, 1𝑟 , … , 13𝑟 , 𝑖𝑛13, 𝑜𝑢𝑡13} 

For the right branch (RB), the pressure drop is: 
Δ𝑃𝑇𝑜𝑡𝑎𝑙𝑅𝐵(𝑡) =

1

0.7
∑ Δ𝑃𝑙𝑖𝑛𝑒𝑎𝑟𝑘(𝑡)𝑘𝑅𝐵

 (18) 

with: 𝑘𝑅𝐵 = {14, … ,20, 14𝑟 , … , 20𝑟 , 𝑖𝑛20, 𝑜𝑢𝑡20} 
The fact that the LB is longer and serves more consumers than the RB, suggests that the Δ𝑃𝑇𝑜𝑡𝑎𝑙𝐿𝐵(𝑡) should 
be higher than the Δ𝑃𝑇𝑜𝑡𝑎𝑙𝑅𝐵(𝑡). We assume that at every time step, the pressure drop of the LB is higher than 
the one of the RB. We also neglect the singular pressure drops in the pipes 0 and 0r. The electrical power 
required for the pump is:  



𝑃𝑤𝑝𝑢𝑚𝑝(𝑡) =
�̇�0(𝑡)

𝜂𝜌
[Δ𝑃𝑙𝑖𝑛𝑒𝑎𝑟0(𝑡) + Δ𝑃𝑙𝑖𝑛𝑒𝑎𝑟0𝑟

(𝑡) + Δ𝑃𝑇𝑜𝑡𝑎𝑙𝐿𝐵(𝑡)]  (19) 

𝜂 is the pump efficiency, it represents the total efficiency of the pump which includes mechanical, transmission 
and motor efficiencies. 𝜂 is assumed to be equal to 70%. 
Depending on the inner diameter of the pipe, a maximum flow velocity is recommended, which limits the 
specific pressure drop over the pipe length. A threshold of maximum specific pressure drop of 100-150 Pa/m 
is common to avoid corrosion and increased pumping energy [23]. Using the recommended flow velocities for 
sizing pipes reported in [24], we imposed an inequality constraint on each pipe to don’t exceed a maximum 
flow velocity per diameter: 
𝑣𝑘(𝑡) ≤ 𝑣𝑚𝑎𝑥𝑘

    (20) 

We consider that every consumer have to respect a contractual outlet temperature, for this purpose we defined 
this equality constraint: 
𝑇𝑜𝑢𝑡𝑝(𝑡, 𝑥 = 0) = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡   𝑝 = 1…20 (21) 

In order to have values that are available in reality, the diameters of the pipes are bounded to a maximum 
value of 0.57m that is based on the commercial availability of PVC pipes: 
𝐷𝑎𝑘

≤ 0.57    (22) 

The set of Eq. (2) to (22) represent the equality and inequality constraints of the optimization problem, resulting 
in a partial differential algebraic equation (PDAE) system. The orthogonal collocation on finite elements 
(OCFE) method was used to discretize the PDE (8) in order to transform the PDAE system into a set of 
algebraic equations. The details of the implementation of the OCFE and the discretized mathematical model 
of the system are presented in the appendices A and B of [15], respectively. 

4. Objective function 
The objective function includes the operational expenditures (OPEX) of the system and the capital 
expenditures (CAPEX) of the pipes. The OPEX comprise both heat production and pumping costs. The heat 
production cost “𝐶𝑜𝑠𝑡𝑝𝑟𝑜𝑑” is obtained by multiplying the total thermal energy produced over the day by the unit 
cost of heat production:  
𝐶𝑜𝑠𝑡𝑝𝑟𝑜𝑑 = 𝑐ℎ𝑜𝑡 ∙ ∫ 𝑃𝑤ℎ𝑜𝑡(𝑡)

24

1
𝑑𝑡  (23) 

with: 𝑃𝑤ℎ𝑜𝑡(𝑡) = �̇�0(𝑡) ∙ 𝑐𝑤 ∙ [𝑇0(𝑡, 0) − 𝑇0𝑟(𝑡, 𝐿0𝑟)]  (24) 

𝑐ℎ𝑜𝑡 is the unit cost of heat production, its unity is (€/MWh), �̇�0(𝑡) is the production mass flow (kg/s) and 𝑇0(𝑡, 0) 
and 𝑇0𝑟(𝑡, 𝐿0𝑟) are the production and return temperatures, respectively. The total thermal energy produced is 
computed by integrating with respect to time the thermal power 𝑃𝑤ℎ𝑜𝑡(𝑡) which is equal to the difference 
between the enthalpy fluxes of production and return. 
The pumping cost “𝐶𝑜𝑠𝑡𝑝𝑢𝑚𝑝” is the product of the total pumping energy over the day and the unit cost of 

electricity: 
𝐶𝑜𝑠𝑡𝑝𝑢𝑚𝑝 = 𝑐𝑒𝑙𝑒𝑐 ∙ ∫ 𝑃𝑤𝑝𝑢𝑚𝑝(𝑡)

24

1
𝑑𝑡  (25) 

𝑐𝑒𝑙𝑒𝑐 represents the unit cost of electricity, its unity is (€/MWh). The pumping power of the network 𝑃𝑤𝑝𝑢𝑚𝑝(𝑡) 
is integrated over the day to obtain the total pumping energy. As Gaussian quadrature methods are suited for 
the computation of integrals when the OCFE is used, for the resolution of the integrals presented in Eq. (23) 
and Eq. (25) the Gauss-Lobatto quadrature was employed.  
The investment cost of the pipes “𝐶𝑜𝑠𝑡𝑖𝑛𝑣𝑒𝑠” which includes the cost of the pipes and the cost of deploying 
them in trenches is represented by a linear function as follows:  
𝐶𝑜𝑠𝑡𝑖𝑛𝑣𝑒𝑠 = ∑ 𝐿𝑘𝑘 ∙ (𝛼𝐷𝑎𝑘

+ 𝛽)  (26) 

Values of investment cost of different nominal diameter by unit length were given by a French company which 
operates DHN. Using these values, we create a linear regression to have a continuous representation of the 
cost depending on the diameter. Considering that the DHN of this case study has a lifetime of 30 years, we 
transform the coefficients of the linear regression (𝛼 and 𝛽) to have an investment cost for one day. 
Using a Lagrange problem type formulation, the objective function is the sum of the three costs defined above: 
min
𝐷𝑎𝑘

 �̇�𝑘(𝑡)

𝑇𝑘(𝑥,𝑡)

(𝐶𝑜𝑠𝑡𝑝𝑟𝑜𝑑 + 𝐶𝑜𝑠𝑡𝑝𝑢𝑚𝑝 + 𝐶𝑜𝑠𝑡𝑖𝑛𝑣𝑒𝑠)  (27) 



The optimization variables are the inner diameters of the pipes, the temporal values of mass flows, and spatio-
temporal values of temperature in each pipe. This optimization aims to find the diameters that give the best 
trade-off between CAPEX and OPEX while finding the optimal operational values of mass flows and 
temperatures. 
Since all the variables are continuous, Eq. from (2) to (26) and the objective function (27) constitute a dynamic 
NLP problem. The OCFE was employed on the PDE (8) to transform the problem into a set of algebraic 
equations. For the resolution, we used an equation-oriented (simultaneous) methodology, with the software 
GAMS for the modeling of the system, and the solver CONOPT for the solving.  
As it is the case in most complex optimization problems, a resolution methodology was developed. The 
purpose of the methodology is to help the solver by creating a resolution process where we solve successive 
problems. We start from a simple problem and we get more complex until we finally solve the problem of this 
study. In the resolution process, we always use the last solution for the initial values of variables of the next 
problem.   

5. Results and discussion 
This optimization was done considering a production temperature of 92 °C and an outlet temperature of 
consumers equal to 72 °C. The unit cost of electricity was taken equal to 174 €/MWh. Concerning the unit cost 
of heat production, we considered the prices in France in 2022 for 3 different technologies: biomass boiler (50 
€/MWh), gas boiler (150 €/MWh) and heat recovery (20 €/MWh). The thermo-physical properties of water are 
taken for the temperatures of 92 °C and 72 °C as it is shown in Table 2. In what follows, we will present some 
results obtained in the optimization of this case study. 

Table 2.  Thermophysical properties of water [20]. 
 𝜌 (kg/m3) 𝑐𝑤 (kJ/(kg K)) 𝜇 ∙ 103 (N s/m2) 𝑘 (W/(m K)) 
Outward pipes (92 °C) 963.4 4.209 0.306 0.677 
Return pipes (72 °C) 976.6 4.191 0.389 0.664 
 
Figure 5 represents the daily evolutions of heat production and mass flow at the production level for the case 
of biomass boiler. We observe that the heat production has the same profile as the total demand with slightly 
higher values due to the thermal losses in the network. The thermal losses can also be observed in Figure 6 
where the return temperature to the production is represented. The production mass flow of Figure 5 also has 
the same profile as the total demand. Since production temperature is constant and return temperature does 
not vary significantly, the mass flow follows the demand as it can be seen in Eq. (7). We obtain the same 
evolutions for the two other production technologies (gas boiler, heat recovery). 
The pressure drops have daily profiles quite similar to the total demand due to the fact that they are proportional 
to the square of velocity (Figure 7). Inside the pipes, as there is a plug flow regime, the velocity and mass flow 
have the same profile. As expected, the pressure drop of the left branch is always higher than the one of the 
right branch which is explained by a more important demand on the left. In a real case, the DHN cannot operate 
under these pressure conditions. To guarantee a correct operation, it is necessary to have pressure control 
valves before mixing nodes that will maintain the same pressure drop in every parallel connection of pipes. 
Consequently, the pressure drop of the right branch will be equal to the one of the left. 

 

Figure 5.  Heat production and production mass flow over time. 



 

Figure 6.  Outlet temperature of consumers and return temperature of the network over time. 

In Table 3, we present the results of 3 optimizations where all the parameters are the same (𝑐𝑒𝑙𝑒𝑐, 𝐶𝑜𝑠𝑡𝑖𝑛𝑣𝑒𝑠 , 
𝐷𝑒𝑚𝑎𝑛𝑑(𝑡) , …) except for the unit cost of heat production (𝑐ℎ𝑜𝑡 ). Each unit cost represents a different 
production technology (gas, biomass and heat recovery). We observe that when 𝑐ℎ𝑜𝑡  increases, the heat 
produced energy decreases and the pumping energy increases. When the price of heat is more important, the 
solution tends to reduce the size of the diameters resulting in less investment for pipes, less thermal losses 
and more pressure drops as it can be observed in Figure 8. 

Table 3.  Optimization results for 3 different production technologies. 
Type  
of production 

Unit cost (€/MWh) Total heat  
produced (MWh) 

Total pumping  
energy (kWh) 

Average diameter  
(mm) 

Gas boiler 150 169.11 652.82 154.55 
Biomass boiler 50 169.17 591.43 155.34 
Heat recovery 20 169.20 567.35 155.86 
 

 

Figure 7.  Pressure drops of the two branches of the network over time.    



 

Figure 8.  Pressure drop of the left branch of the network for 3 different production technologies. 

6. Conclusions and perspectives 
In this study, we developed a model for the optimization of the daily operation of a DHN. We optimized the 
pipe diameters in addition to the mass flows and temperatures in the distribution network. In the modeling of 
the pipes, the OCFE was used to discretize the heat transfer equation, and the Darcy-Weisbach equation 
described the pressure drops. The parametric study on the unit cost of heat production confirmed that it is 
better to have smaller diameters when the cost increases to reduce the thermal losses.  
The results of this NLP optimization are a good starting point for a Mixed Integer Dynamic Optimization (MIDO). 
As we find only discrete values of diameters in the market, it is more interesting to solve a MIDO problem 
where the diameters will be discrete variables and mass flows and temperatures continuous ones. Moreover, 
to correctly design the pipes, it is necessary to take into account the operation of the DHN in the different 
seasons. An interesting study may be the consideration of different characteristic days (one for each season). 
Another interesting study is the consideration of more than one production unit and of a TES tank. The aim 
would be to optimize the management of all units while considering the same physical complexity in the pipes 
and the temperature distribution inside the TES. Currently, we are working on the development and the 
optimization of a model of this type. 

Nomenclature 
Abbreviations 

CAPEX CAPital EXpenditures 
DCN District Cooling Network 
DHC District Heating and Cooling  
DHN District Heating Network  
DOO Dynamic Offline Optimization 
MIDO Mixed Integer Dynamic Optimization 
MILP Mixed Integer Linear Programming 
MINLP Mixed Integer Non-Linear Programming 
NLP Non-Linear Programming 
OCFE Orthogonal Collocation on Finite Elements 
OPEX OPerational EXpenditures 
PDAE Partial Differential Algebraic Equation 
PDE Partial Differential Equation 
TES Thermal Energy Storage  
Latin symbols 

𝐴 cross section area of the pipe, m2 
c𝑤 specific heat capacity of water, J/(kg K)  
𝐷 pipe diameter, m 
𝑓 friction factor 
𝐿 pipe length, m 



�̇� mass flow in the pipe, kg/s 
𝑃𝑤ℎ𝑜𝑡 thermal power, W 
𝑃𝑤𝑝𝑢𝑚𝑝 electrical power of the pump, W 
𝑟 radius, m  
𝑅 total thermal resistance per unit length of pipe, (m K)/W 
𝑅𝑒 Reynolds number 
𝑡 time variable, s 
𝑇 temperature of the flow in the pipe, °C 
𝑣 flow velocity, m/s 
𝑥 space variable, m  
Greek symbols 
𝜌 water density, kg/m3 
𝜇 dynamic viscosity of water, Pa s 
Δ𝑃 pressure drops, Pa 
𝜆 thermal conductivity, W/(m K) 
𝜂 pump efficiency  
Sets and indexes 
𝑎 index for the inner diameter of the pipe 
𝐶𝑝 set of consumers  
𝑘 set of pipes 
𝐿𝐵  index of the left branch of the network 
𝑅𝐵  index of the right branch of the network  
𝑠 index for the soil   
𝑤 index for water   
𝑝 sub-set for main forward pipes 
𝑝𝑟  sub-set for main return pipes  
𝑖𝑛𝑝  sub-set for pipes entering consumers 
𝑜𝑢𝑡𝑝 sub-set for pipes leaving consumers  
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Abstract: 

A significant portion of energy expense of a residential household goes toward the provision of domestic hot 
water (DHW) ~19%. The use of solar thermal water heating provides a local way to offset this energy 
requirement with a renewable resource. Solar thermal water heating systems are commonly used in hot 
climates from Southern Europe to the Equator however in the past they were seen as not so economically 
viable in colder climates. The solar collector that is readily available on the market for DHW generation is the 
standard flat plate collector (SFPC), but they are not attractive for use in higher latitudes due to low operating 
temperature and high heat loss. Although convection suppression has been identified as a method to 
improve the performance of flat plate collector it has not yet achieved mainstream commercialisation. In this 
work we attempt to show that the conventional flat plate collector still has potential in higher latitude when 
modified to suppress convection heat loss. The modified FPC that is particularly of focus in this work is the 
one with honeycomb transparent insulation (MFPC). We compare the performance of SFPC and MFPC in 
colder climate considering different auxiliary heating options such as electricity, gas, and oil, at their recent 
energy prices. Using TRNSYS software, we modelled the annual energy generated by these collectors using 
a typical domestic load case and found that SFPC produced 1446.60 kWh/year while MFPC produced 
1993.50 kWh/year. For a typical household with a daily hot water consumption of 200 L, SFPC requires 
3858.69 kWh/year of auxiliary energy while MFPC requires 3458.24 kWh/year. The economic analysis 
shows that the MFPC with electrical heating is the highly viable option with a Net Present Value (NPV) of € 
5078.95. The CO2 emission reduction from the SFPC and MFPC with electrical auxiliary heating are 39.54 
kgCO2/year and 79.58 kgCO2/year, respectively, compared to conventional electrical immersion heaters. 

Keywords: 

Solar water heater; Flat plate collector; Solar fraction; Evacuated tube collector; Economic analysis; Net 
Present Value. 

1. Introduction 
The global carbon dioxide emissions from space heating and water heating have hit a record high of 2500 Mt 
in 2021 [1]. Utilizing solar thermal technology for water heating offers a local solution to mitigate the CO2 

emissions linked to this process. Solar thermal water heating systems are commonly used to offset the 
energy requirement for domestic hot water (DHW) in hot climates from Southern Europe to the Equator, 
however in the past they were seen as not so economically viable in colder climates. The trend in northern 
Europe and UK is to promote heat pump technology for space heating and domestic hot water however this 
will add significant additional load to the electrical grid. Heat pumps are more suited to space heating than 
domestic hot water due to the higher tank temperature required and often an auxiliary heater such as an 
electrical immersion is required to meeting the DHW load requirements.  As such and a local source of heat 
for Domestic Hot Water (DHW) would still be beneficial in colder climates to reduce electricity demand. Flat 
plate collectors (FPC) are well established and readily available Solar Water Heaters (SWH), but it suffers 
from poor performance in colder climates due to heat loss [2]. Numerous concepts have been employed in 
the past to mitigate heat loss from solar collectors, and one such concept is Evacuated Tube Collector 
(ETC), in which the gap between the absorber and the glass cover is evacuated to eliminate convection and 
conduction heat loss [3]. Although ETCs are more effective than traditional FPCs and attain significantly 
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higher collector temperatures, they tend to be costly to manufacture and install [4]. Solar thermal collectors 
incorporating transparent insulation offer a promising design to minimize heat loss while simultaneously 
reducing costs and weight. However, despite their potential benefits, these collectors have not yet achieved 
widespread commercialization due to challenges in manufacturing and the need to address issues related to 
stagnation temperature [5]. The inclusion of transparent insulation within the air gap between the absorber 
and the glass cover effectively reduces convection heat loss. This enhances the employability of FPCs, 
particularly in colder weather conditions.  

Numerous works on the experimental and numerical analysis of SHW system can be found in literature and 
here we provide a review of selected works from the literature, highlighting their key findings and 
contributions. Ayompe and Duffy [6] conducted a year-round experimental analysis of a forced circulation 
SHW system installed in Dublin, Ireland which demonstrated that an FPC SHW system with a 4m2 collector 
area can yield a solar fraction of up to 32.2% for an annual global insolation of 15,680.4 MJ. Hazami et al. [7] 
investigated the year-round performance of FPC and ETC SHW systems that were commercialized in 
Tunisia. Their findings showed that the ETC system generated 9% more energy than the FPC system. 
Specifically, the ETC system, with a collector area of 3.4 m2, achieved a solar fraction of 84.4%. Tiwari et al. 
[8] utilized numerical simulations to assess the efficacy of FPC systems in Indian climatic conditions. Their 
study revealed that an FPC system with a collector area of 5 m2 can meet 70% of the residential hot water 
demand. Kalogirou et al. [9] proposed a novel TRNSYS model component to evaluate the effectiveness of 
thermosiphon solar hot water (SHW) systems, which they simulated in three different European climates: 
Freiburg (47.9990° N), Naples (40.8518° N), and Larnaca (34.9182° N). The model was validated by 
comparing its results with experimental data. The research findings demonstrate that as the latitude 
decreases from Freiburg to Larnaca, the simple payback period (SPB) of the SHW systems also decreases. 
Zainine et al. [10] employed TRNSYS simulation to optimize the flow rate for a solar domestic hot water 
(SDHW) system installed in Tunisia. They estimated that the optimal flow rate for the primary and secondary 
circuits, for maximum annual yield, were 10 kg/h m2 and 15 kg/h m2, respectively. Additionally, their 
economic analysis demonstrated that SHW systems with gas auxiliary heating are more economically 
feasible than replacing conventional electric heaters. Bernardo et al. [11] conducted a study on the benefits 
of retrofitting existing domestic hot water systems with SWH. Their findings indicated that incorporating a 
smaller tank with an immersion heater in series with the solar storage tank could lead to optimal 
performance, with a solar fraction of up to 50%. The study also demonstrated that the TRNSYS simulation 
software is a reliable tool for determining the thermal performance of SHW systems. 

Vig et al. [12] studied a variable flow vacuum tube solar thermal collector system. Their research 
demonstrated that the variable flow SHW system collected more energy compared to the constant flow one. 
Their effect was particularly significant when the radiation was low or when the temperature of water in the 
storage tank was high. Hayek et al. [13] conducted experimental investigations on two types of ETC 
collectors in the Eastern Mediterranean climate. Their findings demonstrated that the heat pipe-based ETC 
collector was 15-20% more efficient than the water-in-glass ETC collector. However, due to their high initial 
cost, these ETC collectors are not an economically feasible option. Maraj et al. [14] reported the yearly 
energy performance of a heat pipe ETC collector under Mediterranean climatic conditions. Their findings 
indicated that the annual collector efficiency of the ETC system was 62%, while for an FPC system, it was 
49.4%. This result demonstrates that the thermal performance of the ETC system was superior to the FPC 
system. Al-Madhhachi et al. [15] conducted a study on the potential of SHW systems in two cities in Iraq. 
Their findings indicated that the SHW system has the potential to supply almost 60% of the hot water 
demand in winter. Kalogirou and Papamarcou [16] conducted experiments and numerical simulations on a 
thermosyphon SHW system based on FPC. The results showed that a FPC system with a total collector area 
of 2.7 m2 can meet all the hot water demand of a household during summer. The Economic analysis showed 
that the system has a simple payback period of 8 years and a net present value (NPV) of 161 C£2000. Hobbi 
and Siddiqui [17] performed a simulation-based optimization study for a forced circulation solar water heating 
system in Canada. Their results showed that the proposed design could meet 83-97% and 30-62% of hot 
water demand in summer and winter, respectively. Gao et al. [18] compared the performance of water-in-
glass and U-pipe evacuated-tube solar collectors and optimised their flow rate for maximum energy 
production. The literature review shows that the TRNSYS simulation is a reliable tool for the determination of 
the yearly performance of the SHW systems [19]. Zhou et al. [5] conducted a numerical study to investigate 
the impact of operating conditions on the performance of FPC integrated with Transparent Insulation Material 
(TIM). The results highlighted that FPC with TIM proves to be highly efficient, particularly in colder ambient 
temperatures. Specifically, the efficiency of FPC with TIM was found to be 6.2% higher compared to 
traditional FPC collectors. Kizildag et al. [20] conducted a comparative analysis between FPC and modified 
FPC incorporated with TIM. The results indicated a remarkable difference in energy production, with the 
modified FPC outperforming the standard collectors by 2.5 times during winter and 1.4 times during spring. 
Kessentini et al. [21] conducted a comprehensive study on FPC integrated with TIM and an overheating 
protection system. Their research demonstrated that the FPC with TIM can achieve performance levels 
comparable to commercially available solar collectors, all while maintaining a low-cost advantage. Despite 



 

 

the proven effectiveness of convection-suppressed flat plate technology utilizing transparent insulation in 
cold weather conditions, its widespread commercialization has not yet been realized. In this study, we aim to 
compare the performance of conventional flat plate technology with convection-suppressed flat plate 
technology in a European climate, considering current energy prices. 

2. Modeling solar hot water heater system 

2.1. System description 

Flat plate collector refers to a particular geometry of solar collector employed for hot water generation. The 
FPC consists of an absorber plate that intercepts the incident light and generates thermal energy, which is 
transferred to water in the storage tank by the heat transfer fluid flowing through the cooling tubes attached 
to the absorber plate. To reduce the heat loss from the absorber, it is covered with a glass cover on top and 
thermal insulation at the sides and bottom. The glass cover on top reduces the convection heat loss and 
traps the long wave radiation emitted from the absorber plate thereby increasing the thermal energy 
available at the absorber. A solar selective coating is usually applied to the absorber plate which has strong 
absorption in the visible and near infra-red range and low emissivity in the infra-red range. The schematic of 
standard FPC and the modified FPC analysed in this work are given in Figure 1.  

 

(a) 

 

(b) 

Figure. 1.  Schematic of solar flat plate collector: a) SFPC, b) MFPC. 



 

 

 

In the modified FPC design, a transparent insulation made of polycarbonate honeycomb is inserted in the 
airgap between the glass cover and the absorber plate with the aim to suppress the air circulation that is 
responsible for convection heat loss from the absorber plate. The performance of the solar thermal collector 
is described using a second order equation as a function of environmental and functional parameters and we 
use numerical simulation to determine the constants of the efficiency equation Eq. (1) [22]. 

η = a0 − a1  
(Tm − Ta)

G
− a2

(Tm − Ta)2

G
 

(1) 

2.2. Numerical modeling for estimation of performance parameters 

The steady state, two-dimensional thermal modeling of solar flat plate collector was done using the 
Multiphysics simulation software, COMSOL 6.1. For the numerical analysis, a portion of the FPC with one 
cooling tube was taken, this is supported by the assumption that the flow rate in each riser tube was the 
same. The specific collector being examined was the K420-EM2L, which was manufactured by KBB 
Kollektorbau GmbH and it has an aperture area of 1.97 m2 [23]. Details of the computational domain and 
boundary conditions can be found in Figure 2. The thermophysical properties of the solid components that 
make up the FPC are constant and are listed in Table 1. It is assumed that the air flow between the absorber 
and the glass cover is laminar and incompressible. Therefore, the density of air is modeled as an 
incompressible ideal gas, using the Boussinesq approximation method [24]. The heat transfer and fluid flow 
problem were solved by solving the coupled continuity, momentum, and energy equations, with an additional 
transport equation for S2S radiation Eq. (2-4) [25]. 

 

Continuity equation, 
∂

∂xj
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Energy equation, 
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2.3. Boundary conditions and methodology 

The solar radiation input to the collector is modelled by considering a volumetric heat source at the absorber 
and the glass cover Eq. (5,6) [27]. The laminar forced convection from the inside of the cooling tube is 
modeled with a convective heat transfer coefficient hf calculated from the Nusselt number for the case with 

constant heat flux boundary condition (Nuf=4.36), at mean water temperature (𝑇𝑚 =  
𝑇𝑜𝑢𝑡 + 𝑇𝑖𝑛

2
) [28]. The top 

and bottom surfaces of the collector are subjected to external natural convection due to ambient air in 
contact with the collector surface. There are two instances of radiation heat loss in the collector: one occurs 
externally from the glass cover to the sky, while the other occurs internally between the absorber and the 
glass cover [29]. Once the computational domain is assigned with material properties and boundary 
conditions, the necessary physics to solve laminar natural convection, heat transfer, and S2S radiation are 
added and coupled. The governing equations are solved using the stationary solver-multifrontal massively 
parallel sparse direct solver (MUMPS) with a relative tolerance of 0.001. The purpose of this simulation is to 

obtain the efficiency curve of the solar collector ( 𝜂 vs 
𝑇𝑚−𝑇𝑎

𝐺
), and therefore, a parametric study was done by 

varying the mean water temperature (285 K≤Tm≤350 K) keeping the insolation constant (G=800 W/m2).   

 

Heat generation in absorber, Q̇abs = 
G τgαp

tabs
 (5) 

Heat generation in glass cover, Q̇g = 
G αg

tg
 (6) 

 
 

Table 1.  Thermophysical properties of FPC collector [26]. 

Component 𝜆, (W/m-K) 𝜌, (kg/m3) 𝐶𝑝, (J/kg-K) 

Glass cover 1.38 2200 770 
Absorber and cooling tube (Aluminium-𝐷𝑜:12 mm, 𝐷𝑖𝑛:11 mm) 238 2700 900 

Insulation 0.022 30 1000 
Transparent insulation (Polycarbonate)  0.2 1200 1200 



 

 

 

Figure. 2.  Computational domain with boundary conditions. 

 
2.4. Validation 

The numerical model developed by Kim and Viskanta [30] for solving coupled laminar natural convection, 
surface radiation, and wall conduction in a differentially heated cavity is taken for validation. Figure 3 shows 

the plot of non-dimensional temperature (
𝑇− 𝑇𝑐

𝑇ℎ− 𝑇𝑐
),  obtained at the vertical wall; it can be seen that the 

proposed model agrees well with the existing model, with dimensionless temperature having a deviation 
between 0.25% and 7.61%. 

 

Figure. 3. Non-dimensional temperature obtained from the proposed model and the existing model. 



 

 

2.5. TRNSYS simulation for the yearly energy produced 

The useful thermal energy collected by the SFPC and MFPC over a year was obtained using the transient 
simulation software TRNSYS 18. In TRNSYS, models that represent the components of solar hot water 
system (Collector: Type 1b, Tank: Type 60d, Pump: Type 110) are connected similar to how they would be 
connected in real life. The forced circulation SHW system is implemented using a single tank model that has 
an internal heat exchanger coil connected to the solar collector. The hot water demand profile used is the EU 
reference tapping cycle 3 representing 200 L of hot water required in a day at 60 °C (Qthermal = 11.65 
kWh/day) [31]. The storage tank has a built-in immersion heater (3kW) located at the middle of the tank and 
is turned ON in two batches, from 5 am to 7 am and 6 pm to 8 pm, whenever the tank top temperature falls 
below 55 °C. The overall heat loss coefficient of the tank is taken to be 1.6 W/m2K [7]. The pump used is a 
constant flow rate pump and is controlled using an ON/OFF controller (Type: 2b). The controller sets the 
pump ON only when the difference in collector outlet water temperature and the tank bottom temperature 
exceeds 5°C, this is to ensure system operation at sufficient irradiance level. The FPC system modeling 
simulation diagram with interconnection of various components is given in Figure 4. 

 

Figure. 4. TRNSYS simulation of SHW system modeling. 

 
2.6. Economic and environment analysis 

The economic evaluation parameters used in this study to show the benefit of installing a solar thermal hot 
water system are the net present value (NPV) and the simple payback period (SPB) Eq. (7,8) [29]. The NPV 
and SPB period are calculated for the two systems with different auxiliary fuels: electricity, oil, and gas at 
current energy price [32]. The economic analysis was done by assuming 8% annual discount rate and 20 
years of useful life. The operation and maintenance cost were assumed to be 1% of the capital cost. The 
assumptions taken in the economic analysis of the solar hot water systems are listed in Table 2. The yearly 
CO2 emission by the two solar hot water systems with different auxiliary fuel was calculated using Eq. (9). 
and are based on the country emission factor for CO2 per unit of energy for particular fuel [33].  

NPV = ∑ Qu Caux ηaux
N
j=1   

(1+i)j−1

(1+d)j  -  ∑ Co&m
N
j=1  

(1+i)j−1

(1+d)j  - Ccapital 
(7) 

SPB = 
Ccapital

Qu Caux ηaux
 (8) 

QCO2 emission= Qaux SCO2 (9) 

 

Table 2.  Economic analysis parameters [34,35]. 

Parameter Value 

Capital cost of FPC system 3500 € 
Solar Water Heating Grant 1200 € 
Inflation rate 3% 
Cost of electricity 0.31 €/kWh 
Cost of oil 0.14 €/kWh 
Cost of gas 0.08 €/kWh 
Efficiency of Electrical immersion heater 100% 
Efficiency of oil boiler 65% 
Efficiency of gas boiler 90% 



 

 

3. Results and Discussion 

3.1. FPC characteristics curve 

The heat transfer and the fluid flow model are solved to determine the constants of the characteristic 
equation that describe the performance of solar thermal collector. Numerical simulations are done for the 
input conditions, such as incident radiation of 800 W/m2, ambient temperature of 283 K, and collector tilt of 
45°.The obtained efficiency curves along with their characteristic equation are given in Figure 5.  The area 
under the efficiency curve reflects the useful energy gained, and it is evident that the MFPC collects more 
energy compared to the SFPC. The MFPC exhibits a 20% optical loss, whereas the SFPC has a 22% optical 
loss. The MFPC system's first and second order heat loss coefficients have been determined to be 1.7618 

W/m2K and 3.058× 10−3 W/m2K2, respectively. Meanwhile, the SFPC system has first and second order heat 

loss coefficients of 3.0632 W/m2K and 7.7136× 10−3 W/m2K2, respectively. 

 

 
Figure. 5. TRNSYS simulation of SHW system modeling. 

3.2. Yearly performance analysis 

The yearly energy performance of the SFPC and MFPC SHW system was simulated in TRNSYS by using 
the performance parameters obtained from COMSOL simulations. The SHW system consisted of two FPC 
collectors connected in series each with absorber area 1.972 m2. The collector tilt was taken to be 44°. The 
flow rate in the solar collector loop was maintained constant at 95 kg/h. The simulations were done for a year 
at 1 minute time step with meteorological data input relative to Dublin (53.3498° N, 6.2603° W).  The SFPC 
and MFPC systems' yearly useful energy collected were 1446.60 kWh and 1993.50 kWh, respectively, as 
shown in Figure 6. The corresponding annual solar fractions of the SFPC and MFPC systems were 27.27% 
and 36.57%, respectively. 

  

(a) SFPC (b) MFPC 
 

Figure. 6. Useful energy generated by SFPC and MFPC for 4m2 collector area installed in Dublin. 



 

 

3.3. Economic feasibility and CO2 emissions 

The results of the NPV and SPB period calculations for both the SFPC and MFPC systems, using different 
types of fuel for auxiliary heating, are presented in Figures 7, respectively. The economic analysis reveals 
that FPC systems are financially viable only when electricity is used as the auxiliary fuel. After factoring in the 
solar grant, the NPV of the MFPC is notably high, amounting to € 5078.94. Additionally, the SFPC has a 
simple payback period of 5 years, whereas the MFPC has a comparatively shorter payback period of only 
3.7 years when electricity is used as the auxiliary heating source. Table 3 shows the CO2 emissions 
generated by the SFPC and MFPC systems when using different types of auxiliary fuel. It is evident that the 
CO2 emissions are minimized when electricity is employed as the auxiliary heating source. The yearly CO2 
emissions from SFPC and MFPC SHW system with electricity as auxiliary heating is found to be 385.87 kg 
and 345.82 kg respectively. Using a conventional electrical immersion heater to generate hot water for a 
typical house result in an annual CO2 emission of 425.22 kgCO2. However, by implementing the proposed 
MFPC SHW system, this CO2 emission could be significantly reduced to 345.82 kgCO2/year. 

 

Table 3.  CO2 emission from SHW system [36]. 

 

Auxiliary fuel kgCO2/kWh kgCO2 emissions/year 

SFPC MFPC 

Electricity 0.10 374.29 335.62 
Gas 0.20 782.93 702.03 
Oil 0.26 991.68 889.22 

 

 

(a) 



 

 

 

(b) 

Figure. 7. Economic analysis: a) NPV and, b) SPB for the SHW system with different auxiliary heating. 

 

4. Conclusions 
A study was conducted to investigate the feasibility of implementing a SHW system in a northern European 
climate, taking into account the current energy costs for auxiliary heating. The study focused on two different 
FPC systems, each with a total aperture area of 4m2. Numerical simulations were utilized to obtain the 
efficiency parameters of the systems based on a simplistic heat transfer and fluid flow model. These 
parameters were then utilized in TRNSYS simulations to determine the yearly thermal performance of each 
system. The energy collected by the two systems are found to be be 1446.60 kWh/year and 1993.50 
kWh/year respectively. Results indicated that FPC systems are still a financially viable option for hot water 
generation, particularly when using electricity as the auxiliary heating source. The modified FPC system 
exhibited the best performance, with a high NPV of € 5078.94 and a short SPB period of 3.7 years. 
Moreover, by employing the MFPC system with electrical auxiliary heating, 79.58 kgCO2 reduction in annual 
emissions is achievable when compared to conventional electrical immersion heaters. Future work is to 
optimize the collector size for different hot water consumption profile and also to explore the feasibility of 
using ETC collectors. 
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Nomenclature 
a0 intercept efficiency, % 

a1 efficiency slope, W/(m2 K) 

a2 efficiency curvature, W/(m2 K2)  

C cost, €  

𝐶𝑝 specific heat, J/(kg K) 

d market discount rate, % 

G heat flux, W/m2 



 

 

g gravitational acceleration, m/s2 

hf heat transfer coefficient, W/(m2 K) 

i inflation rate, % 

N useful life 

𝑁𝑢̅̅ ̅̅  average Nusselt number 

�̇� volumetric heat generation, W/m3 

Qu useful energy, Wh 

S CO2 emission coefficient, kgCO2/(W h) 

T temperature, K 

t thickness, m 

u velocity, m/s 

x,y cartesian coordinate 

Greek symbols 

α absorptivity 

𝛽 thermal expansion coefficient, K-1 

𝜀 emissivity 

𝜂 efficiency, % 

𝜆  thermal conductivity, W/(m K) 

𝜇 viscosity, kg/(m s) 

ρ density, kg/m3 

τ transmissivity  

Subscripts 
a   ambient 

abs absorber 

aux auxiliary fuel 

c capital 

g glass cover 

in inlet 

m average water 

o&m operation and maintenance 

out outlet 

th thermal 

u useful  
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Abstract: 

Buildings account for 40% of the EU's final energy consumption and 36% of its energy-related GHG emissions. 
Therefore, to reduce the EU's GHG emissions it is needed to reduce the energy consumption and increase 
energy efficiency. For that, not only the design but also the maintenance of systems is essential to ensure the 
proper functioning and the energy efficiency. On the other hand, the environmental temperature is rising at a 
high rate because of the global warming. Therefore, this will undoubtedly influence on the energy efficiency of 
the buildings thermal systems. However, we can only estimate the effects from predictions based on previous 
data models. 

In this work we develop a methodology in order to learn a predictive model of a simple thermal system of a 
building, consisting of a boiler and the distribution equipment that provides the dynamic DHW demand. The 
model is learn from databases obtained from a thermal system software to calculate the influence of climate 
change on the cost formation process. That is, we quantify the effects on costs due to outdoor temperature 
variation when the demand does not vary, based on thermoeconomic indices. The next step will be to 
incorporate heating demand that will also vary due to climate change.  

The reference model of the thermal facility would serve to predict the behaviour when the climate changes, in 
order to implement it in maintenance tasks and thermoeconomic diagnosis for fault detection. 

Keywords: 

Predictive model; Thermal installation; Buildings; Climate-change. 

1. Introduction 
Buildings account for 40% of the EU's final energy consumption and 36% of its energy-related greenhouse 
gas (GHG) emissions. Therefore, reducing energy consumption and increasing energy efficiency are required 
to reduce the EU's GHG emissions [1]. 

On the other hand, due to climate change, environmental temperature is rising at a rapid pace. The global 
average temperature has risen by 0.76°C over the last 100 years [2] and, in addition, global average warming 
is estimated to be 2.2°C by 2100, 3.6°C by 2200 and 4.6°C by 2500, with all the consequences that this entails 
[3]. After all, buildings must generate thermal comfort and meet energy needs according to the variable external 
conditions and the profile of the users. 

The research of predictive behavioural models to improve continuously the building installations and their 
maintenance is a key point to ensure the intelligent operation of equipment and to detect premature wear of 
engines. With predictive models learned from simulated thermal data, it is possible to set a competitive regime 
and timing of processes, to detect excess energy consumption, or to detect malfunctions.  

For all these reasons, the key for a proper management and energy savings lies, among others, in predicting 
the operation of systems and the cost of the products required in the future, to (1) be able to take the necessary 
actions to adapt to new climatic conditions, and, to (2) slow down the increase in the Earth's surface 
temperatures, reducing GHG emissions. Thus, one of the keys to guarantee the proper functioning of thermal 
systems in buildings and to promote the energy efficiency are maintenance actions. 

A survey of the state of the art of work applying thermoeconomics in combination with AI shows that there are 
some recent studies. The work in [4] creates a model that applies the principles of thermoeconomics to analyse 



 

and optimize the performance of the Afyon geothermal power plant. This modelling approach is enhanced by 
using artificial neural networks to improve the plant’s efficiency and cost-effectiveness. In Ref. [5] the 
thermoeconomics aspects of a system that combines geothermal and solar energy to produce both hydrogen 
and power are studied. This analysis involves using advanced techniques such as artificial neural networks 
and genetic algorithms to optimize the system’s performance. In the work in [6] artificial intelligence and 
response surface methods are used in order to optimize the thermoeconomic performance of waste heat 
recovery system in a large internal combustion engine. 

As shown in the literature, the studies are focused on the application of Thermoeconomics and Machine 
learning methods for optimising industrial systems. In this way, this study provides a methodology that 
combines both disciplines for maintenance work in building thermal systems. 

Therefore, this paper presents a case study of a dynamic thermoeconomic analysis applied to a domestic hot 
water (DHW) installation and develops a methodology to create a model, which aims to predict the 
performance and the costs and consumption of thermal systems in buildings, for their maintenance. This model 
combines Thermoeconomics with data-driven Machine Learning (ML) methods. Data-driven methods extract 
patterns from historical process data [7], which are very useful for monitoring and model building thermal 
systems due to the large amount of data collected and the dynamic operation. 

2. Materials and methods 
This section explains the laboratory where the system has been designed, the thermoeconomics applied to 
the study as well as the thermoeconomics and TRNSYS software needed to carry out the case study. 

2.1 Building Quality Control Laboratory of the Basque Government 

The Building Quality Control Laboratory of the Basque Government (LCCE) is a laboratory prepared to carry 
out physical, mechanical and chemical tests on construction materials. It is divided into three areas: thermal, 
acoustic and materials. Thus, the thermal area has a flexible experimental plant designed to configure different 
installations depending on the required demand. For this purpose, the installation can be divided into different 
zones or islands, as can be seen in Figure 1: (1) low temperature zone, (2) high temperature zone and (3) 
solar collector zone. These three zones correspond to the different generation equipment. There are also (4) 
the distribution equipment zone, (5) the heating/DHW terminal zone and finally (6) the thermal storage zone. 

 

Figure 1. Experimental plant of the LCCE 

The installation consists of more than 100 signals to control and monitor the variables to be evaluated. For 
this, 46 high precision Pt 100 class 1/10 temperature probes are used, 40 of them located in pipes and the 
rest in tanks, 11 SIEMENS FM electromagnetic flowmeters (MAG 3100 and 5100W sensors and MAG 6000 
transmitters), 2 pressure switches, one in the general circuit and the other in the solar circuit. It also has 
ambient temperature, humidity and pressure sensors both inside and outside the laboratory. The boiler and 
the micro-cogeneration equipment have gas and electricity meters and the consumption of the heat pump is 
also monitored. 

The entire control of the installation is managed by a Siemens IM 151-8 PN/DP CPU for ET200S and an 
expansion module, as well as the corresponding input and output cards for the signals, connected via Ethernet 
to a PC where the interface is available through which the operation is carried out and the data are collected. 

2.2  TRNSYS 

TRNSYS [8] is a flexible software environment for simulating the behaviour of transient thermal systems in 
buildings, composed of two parts: 



 

 The first is an engine (called the kernel) that reads and processes the input file, iteratively solves the 
system, determines convergence and plots system variables. The core also provides utilities that 
determine thermophysical properties, invert matrices, perform linear regressions, interpolate external 
data files, etc.  

 The second part consists of an extensive library of components, each of which models the 
performance of a part of the system. The standard library includes approximately 150 models ranging 
from pumps to multi-zone buildings, from wind turbines to electrolysers, from weather data processors 
to economics routines, and from basic HVAC equipment to the most advanced emerging technologies. 
The models are built in such a way that users can modify existing components or write their own, 
extending the capabilities of the environment. 

Accordingly, TRNSYS version 18 has been used for this simulation. 

2.3  THERMOECONOMICS  

The Exergy Cost Theory is based on a series of Propositions, whose systematic application makes possible 
to unequivocally determine the value of the costs (in energy and monetary units) of each of the flows of the 
system under analysis [9]. 

The previous step for applying thermoeconomic analysis is to determine the physical structure, where all 
material and energy flows are represented. Furthermore, the approach of the structural theory of 
thermoeconomics goes beyond the physical structure of the system and defines its productive structure in a 
matrix form. In order to carry out a productive analysis, the flows are classified according to the function they 
perform in the equipment. This representation considers each equipment i as a black box with an input arrow, 

called fuel (𝐹𝑖  [𝑘𝑊ℎ]), and an output arrow, product  (𝑃𝑖  [𝑘𝑊ℎ]) . The 𝐹𝑖  of a component i represents the 

resources (measured in exergy terms) needed to run the specific energy process and 𝑃𝑖  contains the target of 
the process itself. Therefore, the difference between both terms represents the irreversibility of the process 

(𝐼𝑖 = 𝐹𝑖 − 𝑃𝑖) and the ratio (𝑘𝑖 =
𝐹𝑖

𝑃𝑖
 [

𝑘𝑊ℎ

𝑘𝑊ℎ
]) reflects the unit exergy consumption of the component, which 

expresses the amount of fuel required to generate one unit of product. This coefficient is related to the other 
components through the specific 𝐅  and 𝐏  interrelationships, given by a matrix  〈𝐊𝐏〉 , which reflects the 
productive structure of the system. Likewise, a product of one component can be part of the fuel of another 
component, or also part of the final product, 𝐏𝐬. 

Consequently, the vector 𝐏 and 𝐅 containing the product and fuel of each team can respectively be calculated 
by means of the following equations [10]: 

𝐏 = 𝐏𝐬 + 〈𝐊𝐏〉 · 𝐏 (1)  
𝐅 = 𝐈 + 𝐏 = 𝚱𝐃 · 𝐏 (2)  

where the final product vector is 𝐏𝐬; 𝚱𝐃  is a diagonal matrix containing the total unit exergy consumption of 
the components; 𝐈 corresponds to the irreversibility vector, and the matrix 〈𝐊𝐏〉 reflects, as mentioned before, 
the productive structure. 

Similarly, the total fuel consumption of the system is calculated as follows: 

𝐹𝑇 = 𝐼𝑇 + 𝑃𝑇 = 𝐤𝐞 · 𝐏 (3)  
where 𝐼𝑇  and 𝑃𝑇  are the total irreseversibilities and the final product of the system respectively and 𝐤𝐞 the 
consumption of external resources. 

In relation to costs, the exergy cost 𝐵𝑖
∗ [𝑘𝑊ℎ] expresses the amount of resources used to obtain a specific flow 

𝐵𝑖, and the unit exergy cost 𝑘𝑖
∗  [

𝑘𝑊ℎ

𝑘𝑊ℎ
] expresses the ratio between the exergy cost and its exergy [11]: 

𝑘𝑖
∗ =

𝐵𝑖
∗

𝐵𝑖

 (4)  

Furthermore, 𝑘𝑖
∗ takes into account the resources needed to generate the flow i in the energy chain. It increases 

as the irreversibilities along the chain increase. The unit exergy costs of the equipment products (𝐤𝐏
∗  [

𝑘𝑊ℎ

𝑘𝑊ℎ
]) 

are related to the unit exergy costs of the external resources 𝑘𝑒,𝑖
∗   of component i and to the marginal exergy 

consumption associated with the external resources 𝑘𝑒,𝑖. 

In addition, the exergoeconomic cost of i -flow 𝑐𝑖 represents the economic resources required to obtain it. The 
economic costs of internal flows and final products depend on the thermodynamic efficiencies of the processes. 

To calculate the exergoeconomic costs of fuels and products, fixed costs and variable costs have to be defined. 
Variable costs depend directly on the level of production, while fixed costs are the investment, maintenance 
and operating costs of the equipment, which are represented by the vector 𝐙 [€]. Because of space reasons, 
this paper defines only the variable costs for the exergoeconomic ones. Therefore, the exergoeconomic unit 

costs 𝑐𝐹,𝑖 , 𝑐𝑃,𝑖 [
€

𝑘𝑊ℎ
] represent the unit cost of a given flow, either fuel or product. 



 

To calculate the total cost of fuels and products, the unit exergoeconomic costs are multiplied by their exergy 
values: 

𝐶𝐹,𝑖 = 𝑐𝐹,𝑖  ∙ 𝐹𝑖 (5)  
𝐶𝑃,𝑖 = 𝑐𝑃,𝑖  ∙ 𝑃𝑖 (6)  

2.4 THERMOECONOMICS SOFTWARE 

In order to carry out this work, a software to control and diagnosis of thermal installations [12] has been used, 
which is based on Thermoeconomics. This software combines Matlab [13], where the calculations are 
performed, with Excel, where the data are recorded and the results are presented. 

The software calculates the thermoeconomic costs of each of the flows of the installation, and detects the 
equipment with the highest irreversibilities, which are the ones that increase the cost the most along the energy 
chain. The costs are obtained from the productive structure that interconnects all the equipment according to 
(1) the distribution ratios 𝑏𝑖𝑗 , (2) the unit exergy consumption of each equipment 𝑘𝑖 , and (3) the external 

resources 𝐹𝑒,𝑖. 

The software is able to make these calculations in a dynamic way, i.e. for a series of time stamps, so the 
results obtained are useful for future diagnosis analyses, given that when a parameter of an equipment varies, 
its unit exergy consumption varies; thus, the costs related to that component also change. 

3. Case study 
This work develops the previous steps to build a predictive model of a DHW installation based on the influence 
of climate change.  

For this purpose, a simple DHW installation has been simulated in TRNSYS software emulating the installation 
designed in the LCCE´s experimental plant, since the final objective is to create the predictive model of real 
thermal facilities. 

With the simulation data, thermoeconomic variables have been calculated for each instant of time, i.e. dynamic 
variables, such as the total cost of the installation product and, finally, the predictive model has been developed 
to predict the future values of these costs based on changes in the external temperature. 

3.1  Design of the installation  

As case study, the installation has been designed to produce DHW using a 24 kW gas boiler, as shown in 
Figure 2, for a residential building with 20 inhabitants in Vitoria-Gasteiz.  

 

Figure 2. Installation diagram 

The installation consists of: 

 Generation: 24 [kW] gas boiler. 

 Distribution: Hydraulic pumps, heat exchanger. 

 Storage: DHW tank of 100 [l]. 

The parameters of the components are the ones of the LCCE´s experimental plant. 

3.2   Physical configuration and productive structure 

Once the installation has been designed, the physical configuration and the productive structure are 
determined to carry out a subsequent thermoeconomic analysis. To define the physical configuration, all 
material and energy flows are represented. Thus, as shown in Figure 3, 9 flows are defined: 

 Energy consumption flow: 1. 

 Mass flows: 2, 3, 4, 5, 8, 9. 

 Virtual inertia flows: 6, 7, which represent the temperature charge and discharge of the tank. 



 

 

Figure 3. Physical configuration of the installation 

In the productive structure, the components are defined as black boxes with interconnected input fuels and 
output products. In addition, virtual equipment (the green equipment in Figure 4) is added. 

 

Figure 4. Productive structure of the installation 

After renumbering the flows, for simplicity reasons, we have a total of 8 flows and 5 equipment: (1) BOI-boiler, 
(2) HX-heat-exchanger, (3) mx1-mixer 1, (4) T-tank and (5) dv1-diverter 1. 

3.3  Modelling in TRNSYS 

The designed installation has been modelled in TRNSYS software maintaining the parameters of the LCCE 
equipment (Figure 5). 

 

Figure 5. Simulation Studio interface in TRNSYS of the installation 

3.3.1 Calculation of the DHW demand 

The demand profile has been calculated according to the parameters set out in the HE4 of the CTE (Spanish 
Technical Code [14]) for a residential building with 20 inhabitants. 

3.3.2 Implementation of the outdoor temperature 

The main objective of this work is to predict the behaviour and the change in cost of the total product of the 
installation in future periods, when the outdoor temperature varies. 

It is needed to take into account that, in order to achieve this, we have taken into account that the outdoor 
temperature and the cold water supply temperature are related. In this way, the temperature of the cold water 
supply entering the system can be calculated as a function of the outdoor temperature, which is used as a 
predictor variable we are going to use in the model. 



 

Therefore, the average monthly values of the external temperatures in Vitoria-Gasteiz from the IDAE (Institute 
for Energy Diversification and Saving) [15] and the average monthly temperatures of the mains water in Vitoria-
Gasteiz from the Spanish CTE were taken [14].  

The relationship with the highest Pearson correlation (R) between these two variables is the linear one below 
with R=0.9795: 

𝑇𝑐𝑜𝑙𝑑 𝑤𝑎𝑡𝑒𝑟 = 0.6526 ∙ 𝑇𝑒𝑥𝑡 + 3.3462 (7)  
Thus, the cold water supply temperature is calculated for all outdoor temperatures according to the LCCE's 
outdoor temperature sensor. 

3.3.3 Control configuration 

The control has been configured as follows: 

 The boiler starts when the domestic hot water storage tank is below 60.5ºC and stops when it 
exceeds 62ºC. 

 The DHW production starts when the temperature at the primary inlet of the heat exchanger is 5ºC 
higher than the tank temperature and stops when it is less than 2ºC. 

3.3.4 TRNSYS data 

TRNSYS allows downloading an Excel file with the thermodynamic variables necessary for subsequent 
analysis. Specifically, each time-step it saves the following values: 

 Temperatures of each flow and average temperatures of the hydraulic compensator and tank. 

 Flow rates of each flow. 

 Boiler fuel consumption. 

The selected data coincide with the data that can be extracted from the LCCE installation and are sufficient to 
calculate the energy and exergy values for each flow of the productive structure as will be done later, during 
168 [h] with 1-minute time-step. 

3.4  Data analysis and pre-processing 

From the extracted data, a "raw database" is obtained based on the dynamic data of temperatures, flow rates 
and consumption. They are used to calculate, once processed, the energies of each flow. These variables are 
the same as those that could be obtained from sensors installed in the LCCE. 

First, in order to clean and pre-process raw data, the data are visualised to check for outliers that do not follow 
the normal pattern of the data series. In addition, some conditions are established to avoid intrinsic failures of 
TRNSYS when extracting the data.  

With the pre-processed data, the corresponding energy flows in and out of each main equipment are 
calculated, based on the First Law of Thermodynamics, and the dynamic model is defined. Thus, an "energy 
database" is obtained that provides the global vision of the interconnections between the components. 
 

3.5  Analysis of the active operating modes of the plant 

The casuistry of the installation's behaviour is analysed on the basis of the productive structure, i.e. the active 
operating mode is identified at each moment, see Figure 6: 

 1st casuistry: Tank charge 

The tank is below the temperature set in the control (60.5ºC), so there is a generation demand on the boiler 
that loads the tank. 

 2nd casuistry: Tank charge + demand 

DHW demand exists and the tank is below the temperature set in the control (60.5ºC), so there are two 
products: tank charging and demand for DHW consumption. 

 3rd casuistry: Demand with tank discharge 

DHW demand exists and the tank is above the temperature set in the control (62ºC), so the tank discharges. 

 4th  casuistry: Demand without tank discharge 

DHW demand exists and the tank is above the temperature set in the control (62ºC), but it does not discharge. 
This is physically impossible, as if there is a DHW demand, the tank must discharge, i.e. the temperature in 
the tank must be reduced. However, this casuistry does not cause any problem when carrying out the 
thermoeconomic analysis, as explained in the following section 3.6. Thermoeconomic analysis. 



 

 

Figure 6. Casuistry of the behaviour of the installation 

After analysing the operation modes, it is foreseen that in the 3rd casuistry, there is no natural gas consumption, 
as the boiler is off. Nevertheless, the discharge of the tank happens because in previous operation modes, 
gas is consumed to charge the tank. So, in order to consider the cost of charging-discharging the tank, a new 
methodology is developed to disregard this 3rd casuistry. 

To understand the methodology, it is necessary to understand the tanks’ energy-exchange formula: 

∆𝐸 [𝑘𝐽] =  𝑉𝑡𝑎𝑛𝑘[𝑙] ∙ 𝜌𝑤 [
𝑘𝑔

𝑙
] ∙ 𝐶𝑝𝑤 [

𝑘𝐽

𝑘𝑔 ∙ 𝐾
] ∙ (𝑇𝑡−1 − 𝑇𝑡)[𝐾] (8)  

To equal the ∆𝐸 value to 0, the tank temperature at the previous instant 𝑇𝑡−1 needs to be equal to the tank 

temperature at the current instant, 𝑇𝑡. 

Therefore, we only consider the ∆𝑡 instants in which the tank temperature is equal to 𝑇𝑡 = 𝑇𝑡−1 = 60.5℃, as 
this is the lower temperature fixed in the control. Afterwards, we recalculate the corresponding ∆𝑡 instants and 
energy flows in a "new energy database” consists of 215 lines of data, which is a 98% reduction of data lines 
compared to the previous data sheet extracted from TRNSYS. By means of this methodology not only the 3rd 
casuistry is disregarded, but also the computational burden for the thermoeconomic analysis is notably 
reduced. 

3.6  Thermoeconomic analysis 

In order to carry out the thermoeconomic analysis, the following steps are followed: 

1. Calculation of the "exergy database": the exergy flows corresponding to all flows are calculated based 
on the First and Second Laws of Thermodynamics. 

2. Definition of economic values: the price of natural gas is defined as the only external resource, without 
considering the net water price.  

3. Calculation of the thermoeconomic values by means of the thermoeconomics software for the following 
results: 

 Unit energy consumption of the n equipment: 𝑘𝑛  

 Unit exergy costs of fuels and products: 𝑘𝐹𝑛
∗ , 𝑘𝑃𝑛

∗    

 Unit exergoeconomic costs of fuels and products: 𝑐𝐹𝑛
, 𝑐𝑃𝑛

  

With the unit exergoeconomic costs of the products, we calculate the total cost of the installation total product  
𝐶𝑝𝐷𝐻𝑊

[€], which in this case is the DHW to demand. 

3.7  Development of the predictive model 

This study compares the 𝐶𝑝𝐷𝐻𝑊
[€] cost of the installation in a reference situation (calculated in this work) with 

the cost in a climate change condition (with an increase in the outdoor temperature). In this way, we calculate 
the change in the overall consumption of the system as well as the increase in the individual components ∆𝑘𝑛, 
that will indicate the effects generated by that change. 



 

Therefore, it is needed to quantify how the outdoor temperature variable is related to the intermediate costs of 
the system. Therefore, the costs are modelled according to the following options: 

1. Each variable to be predicted (the intermediate costs as a function of outdoor temperature) can be 
modelled independently, from known temperature data. 

2. A stepwise process can be carried out in which, once variables are predicted, they are incorporated 
as predictors to infer the missing ones. 

3. All variables can be predicted at once. 

These three points can be implemented in two ways: 

 Taking into account information from previous instants to predict the current instant. RNN (Recurrent 
Neural Networks) methods attempt to identify and exploit sequential information in the data. These 
methods retain in "memory" the information from consecutive components of the sequence. The logic 
is based on answering the question, "Can the information observed at the instants before the sequence 
be relevant to predict what happens at the current instant?" If the answer is “yes”, as is the case with 
time series, then the model tries to detect it and use it to predict variables. 

 Considering each moment in time as an independent observation (i.e. ignoring time dependence). 
This can be applied if the observations of time instants are considered as independent observations; 
thus, any time dependence relationship between the samples is broken. In this case, other simpler 
models that do not take into account this temporal dependency, e.g. multi-layer perceptron, are an 
efficient modelling alternative. 

Combining the data-driven application and thermoeconomic concepts, the effect of the change in cost due to 
a change in external temperature will be quantified. 

4. Results and discussions 
This section explains the obtained results. 

4.1 Verification of the control 

Figure 7 is used to check the control designed for the installation, where 2 days out of the 7 days of the test 
were depicted. These graphs also demonstrate the dynamism of the installation, with the following conclusions: 

 On the one hand, Figure 7a shows that when the temperature difference between the primary heat 
exchanger inlet and the tank temperature is greater than 5ºC, DHW production starts and stops when 
it is below 2ºC. 

 On the other hand, Figure 7b shows how the boiler starts up when the tank temperature is below 
60.5ºC and stops when it is higher than 62ºC. 

In other words, the control is correctly designed. 

 

Figure 7. DHW production and boiler control verification graphs 

4.2  Thermoeconomic results 

Figure 8 shows the dynamic energy and exergy values of the fuel and boiler product. 



 

 The exergy values for fuel are higher than the energy values because natural gas has a quality factor 

𝑄𝐹𝑁𝐺 = 1.04 [
𝑘𝑊ℎ𝑒𝑛

𝑘𝑊ℎ𝑒𝑥
] 

 However, exergy values of the product are lower than the energy values. This is because the exergy 
takes into account the quality of the energy flow, which in the case of the boiler is thermal energy. 
Average values show that the boiler has an energy efficiency of 89.26% compared to the exergy 
efficiency of 15.58%. 

 

Figure 8. Energy and exergy values of fuel and boiler product 

Despite having the dynamic values of the thermoeconomic results, due to space limitations, the following 
results show either the average values or the total sum of the values at each instant. Table 1 shows the total 
sums of fuels, products and equipment irreversibilities. 

 On the one hand, as the energy chain progresses, the exergy values of the flows decrease. This is 
due to the accumulation of irreversibilities of the equipment. 

 On the other hand, the equipment with the highest irreversibilities is the boiler, 𝐼𝑏𝑜𝑖𝑙𝑒𝑟 = 19.80 [𝑘𝑊ℎ𝑒𝑥]. 
This is due to the use of a fuel with a high exergy level (natural gas) to generate a product with a lower 
exergy level (hot water), in addition to the unavoidable exergy destruction intrinsic to the boiler. 

Table 1. Fuel, product and irreversibilities of equipment 

 EQUIPMENT 𝐹𝑒𝑥 [𝑘𝑊ℎ𝑒𝑥] 𝑃𝑒𝑥  [𝑘𝑊ℎ𝑒𝑥] 𝐼 [𝑘𝑊ℎ𝑒𝑥] 

GENERATION BOI 23.48 3.68 19.80 
DISTRIBUTION HX 3.68 2.16 1.52 

PRODUCT T 2.16 0.29 1.87 

 

Table 2 shows the average values of the unit exergy consumptions of the equipment and the average values 
of the unit exergy costs of the fuels and products of each equipment. 

 On the one hand, the unit exergy consumption of the equipment, 𝑘𝑛  [
𝑘𝑊ℎ𝑒𝑥

𝑘𝑊ℎ𝑒𝑥
], represents the amount of 

fuel required to produce one unit of product, showing that the equipment with the highest unit exergy 

consumption is the tank, 𝑘𝑇𝐴𝑁𝐾 = 8.87 
𝑘𝑊ℎ𝑒𝑥

𝑘𝑊ℎ𝑒𝑥
. This is due to the mixing of flows at very different 

temperatures. 

 On the other hand, the unit exergy costs of the fuels 𝑘𝐹,𝑖
∗  of the generating equipment, (i.e. the boiler), 

𝑘𝐹,𝐵𝑂𝐼𝐿𝐸𝑅
∗  have the value of 1, since it is an external input flow. It is also observed that the ratio between 

the unit exergy costs of the fuels and the products of the equipment is proportional to the irreversibilities 
that occur. 

Table 2. Unit exergy consumption of equipment and unit exergy costs of fuels and products 

 EQUIPMENT 
𝑘 [

𝑘𝑊ℎ𝑒𝑥

𝑘𝑊ℎ𝑒𝑥

] 𝑘𝐹
∗  [

𝑘𝑊ℎ𝑒𝑥

𝑘𝑊ℎ𝑒𝑥

] 𝑘𝑃
∗  [

𝑘𝑊ℎ𝑒𝑥

𝑘𝑊ℎ𝑒𝑥

] 

GENERATION BOI 6.41 1 6.41 
DISTRIBUTION HX 1.71 6.41 10.96 

PRODUCT T 8.87 10.96 96.12 

Table 3 shows the average values of the exergoeconomic costs of the fuels and products of the system's 
equipment. For this analysis, only the exergoeconomic costs related to variable costs have been calculated, 
i.e. those that depend on the natural gas consumption. 

 The exergoeconomic costs of fuels, 𝑐𝐹, take into account the irreversibilities accumulated up to that 
point in the energy chain; thus, moving down the energy chain, these costs increase. 



 

 The exergoeconomic costs of the products, 𝑐𝑃 , follow the same trend, as unit exergy costs, and 

increase when moving down the energy chain. 

Table 3. Exergoeconomic costs of equipment fuels and products 

 EQUIPMENT 
𝑐𝐹  [

𝑐€

𝑘𝑊ℎ𝑒𝑥

] 𝑐𝑃  [
𝑐€

𝑘𝑊ℎ𝑒𝑥

] 

GENERATION BOI 5.07 32.52 
DISTRIBUTION HX 32.52 55.57 

PRODUCT T 55.57 487.43 

 

The total cost of the DHW for the period studied is 𝐶𝑃 = 285.78 
€

7 𝑑𝑎𝑦𝑠
. 

4.3  Predictive model results 

The Predictive model itself is not presented in this manuscript. Since we are now working in it, a coming work 
will contain the corresponding results 

5. Conclusions 
In this work a dynamic thermoeconomic analysis of a thermal installation of a building that produces DHW has 
been carried out and a methodology to predict the costs of the flows has been shown. This installation is 
designed based on the configuration of the LCCE’s experimental plant and was simulated in the TRNSYS 
software.  

During the thermoeconomic analysis, all the possible operating modes of the case study are analysed, with 
the following relevant conclusions: 

 The equipment with the highest system irreversibilities is the boiler, 𝐼𝑏𝑜𝑖𝑙𝑒𝑟 = 19.80 [𝑘𝑊ℎ] 

 The equipment with the highest unit exergy consumption is the tank, 𝑘𝑇𝐴𝑁𝐾 = 8.87
𝑘𝑊ℎ𝑒𝑥

𝑘𝑊ℎ𝑒𝑥
. 

 The total product cost of the installation is 𝐶𝑃,𝐷𝐻𝑊 = 287.78 [
€

7 𝑑𝑎𝑦𝑠
] 

In addition, the first steps to develop an innovative methodology that combines Thermoeconomics and 
Machine Learning models is defined, in order to quantify the effects of climate change on the costs and 
consumption of thermal installations in buildings. This will help promoting maintenance work, which is essential 
for the proper functioning and for reducing GHGs. 

5.1  Future lines 

As said, we are working on this case study in order to develop the predictive model able to predict both the 
operation and the consumption and costs based on ML techniques. 

Likewise, the fixed costs related to the operation, maintenance and amortisation costs of the installation will 
also be incorporated in the results. 

The next step deals with the implementation in real systems. 

In short, work will continue on a tool that combines Thermoeconomics and Machine Learning capable of 
predicting possible failures in thermal installations of buildings and optimising  their operation. 
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7. Nomenclature 
Symbols 

𝐵: Exergy, 𝑘𝑊ℎ 

𝑐: Exergoeconomic unit cost, 
€

𝑘𝑊ℎ
 

𝐶: Total cost, € 

𝑐𝑃: Specific heat capacity, 
𝐽

𝑘𝑔 ∙ 𝐾
 

𝐸: Energy, 𝑘𝑊ℎ 

𝐹: Fuel, 𝑘𝑊ℎ 

𝐅: Fuel vector  

𝐼: Irreversibility, 𝑘𝑊ℎ 



 

𝐈: Irreversibility vector  

𝑘: Unit exergy consumption, 
𝑘𝑊ℎ

𝑘𝑊ℎ
 

𝐤𝐞: External resources vector 

𝐊𝐃: Diagonal matrix containing the unit exergy consumptions 

〈𝐊𝐏〉: Productive structure matrix 

𝑃: Product, 𝑘𝑊ℎ 

𝐏: Product vector  

𝑇: Temperature,  𝐾 

𝑉: Volume,  𝑚3 

𝐙: Depreciation, maintenance and operation vector, € 

Greek symbols 

∆: Difference  

𝜌: Density, 
𝑘𝑔

𝑚3 

Subscripts 

𝑒: External resource 

𝑒𝑥𝑡: External, outdoor 

𝐹: Fuel 

𝑖/𝑗: Generic equipment 

𝑁𝐺: Natural gas 

𝑃: Product 

𝑠: Final product 

𝑡: Time 

𝑤: Water 

Superscripts 

∗ : Cost 
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Abstract: 

Nowadays, with the constant global population growth, urbanization, pests use, climate change and resource 
degradation, the water-energy-food link is constantly stretched. In order to achieve water and food security, 
sustainable agriculture and energy production, the efforts of the next few years will be aimed to correctly 
balance these aspects. Therefore, it will be necessary both to improve the energy performance of traditional 
systems in the agricultural sector and at the same time to develop alternative and innovative ones. In this 
context, data from a local farm producing salad have been processed in order to relate the energy consumption 
of each processing phase to the produced kilogram of crop. In particular, thermal loads are attributed to the 
corresponding primary energy consumption. A thermo-economic analysis was carried out by considering 
different scenarios in terms of external ambient temperature and specific cost of electricity. Results show that 
the thermal load exchanged with the external ambient through the walls and the roof of the plant is about the 
20% of the outgoing thermal load of the evaporator during the lighting hours whereas the thermal load of the 
auxiliaries (including the production lines) is about its 80%. Moreover, the variation of both the fourth range 
production lines operating time and the external daily temperature causes a variation in the total energy 
consumption related to the kilogram of processed product – up to 128%. Finally, several economic scenarios 
have been implemented in order to take into account the variation of the specific cost of electricity. 

Keywords: 

Thermo-economic analysis; Salad production. 

1. Introduction 

1.1. Context 

Nowadays, with the constant global population growth, urbanization, pests use, climate change, resource 
degradation and scarcity, the water-energy-food link is constantly stretched and heavily tested. Particularly, 
serious and different problems affect the agricultural sector. First of all, the huge water usage accounts for 
70% of the total global freshwater withdrawals [1] and it is expected that it will increase about 55% by 2050 
[2]. In addition, energy consumption in the agricultural sector accounts for 3% in the European scenario and 
for 2% in the Italian one, respectively [3]. Moreover, the energy demand will increase about 3 times by 2050 
worldwide [4]. On the other hand, it is estimated that the global population will reach 9.8 billion by 2050 and 
11.2 billion by 2100 [5] in a non-uniform way worldwide. Additionally, the intense urbanization will affect more 
than 70% of world population. All these aspects will contribute to an intensification in the food production sector 
about the 60% by 2050 – it is worth noting that this sector accounts for 30% of the global energy consumption 
including also the cold chain and the transport sector. This scenario is exacerbated by the scarcity of arable 
land as well as the huge use of pesticides and chemical substances: in fact, about 1.9 Mtons of them have 
been employed in agricultural sector during 2019 in the EU context [6][7]. In order to achieve water and food 
security and at the same time sustainable agriculture and energy production, the efforts of the next few years 
will be aimed both to improve the energy performance of traditional systems of the agricultural sector (i.e. open 
fields and greenhouse systems) and at the same time to develop alternative and innovative ones by 
considering the ongoing energy transition – such as the indoor farming method. 

As a matter of fact, several issues affect the traditional farming methods: their productivity is in fact strongly 
dependent on the exterior climate conditions, and they need an artificial lighting system and involve a high 
amount of water if greenhouse systems are installed in cold regions or hot/warm ones respectively, especially 
if compared to the ones of innovative and alternative agrifood systems such as vertical farms [8][9][10][11]. 



For the best of authors’ knowledge, literature about the modelling of post cultivation phases of greenhouse 
systems is poor. Stanghellini et al [12] developed a model for the evaluation of evapotranspiration rate load of 
the plants by considering a greenhouse such it is considered one of the main energy load of those systems. 
The model includes the effect of the multilayers of the crop and the solar radiation is empirically evaluated as 
well as a careful calibration of the main parameters of interest is needed. Righini et al [13] developed and 
validated a greenhouse climate-crop yield model in order to correct manage those systems at high latitudes. 
Results show that the model is able to predict the air temperature with a very good agreement, with a relative 
root mean square error lower than 10%. A model for the energy optimization of greenhouses was developed 
by Weidner et al [14] for different climate zones in order to optimize the interior climate conditions and 
consequently productivity of the systems. From the abovementioned issues and lacks in literature, it is clear 
that in a context of energy transition regarding all the sectors and production processes, it is important to 
correctly model the post cultivation processes of traditional greenhouse systems in order to evaluate their 
energy consumption and relate it to the kilogram of processed product. The main purpose of this approach is 
to minimize their energy consumption as well as costs and at the same time maximize their productivity. In 
fact, from an economic and entrepreneurial point of view it is very useful to quantify both the rate of cost for 
electricity for the processed kilogram of product and the one for different scenarios by varying economic 
parameters (such as the specific cost of electricity) and those related to the performance of production lines, 
facilities and environmental conditions. 

 
1.2. Objectives of the work 

In this context the main goal of the manuscript is to model traditional agrifood system taking into account all 
the parameters of interest, such as external conditions, internal ones, crop type production, air conditioning 
and lighting systems and cost analysis. The modelling purpose is to relate the energy consumption of all the 
processing phases to the produced kilogram of product in order to maximize its productivity while minimizing 
its energy consumption and consequently its costs. In detail, data from a local farm producing salad have been 
processed and a thermo-economic analysis was carried out by considering different scenarios in terms of 
external ambient temperature and specific cost of electricity. Specifically, it is worth noting that the processing 
phases taken into account for the analysis are the post cultivation ones up to the final product picking for the 
shipping: consequently, both water and energy consumption concerning the raw materials cultivation phase 
are neglected. 

 

2. Method 
In order to relate the energy consumption of each processing phase (from post cultivation to final product) to 
the kilogram of final product intended for the market, it is fundamental to correctly evaluate all the energetic 
loads involved in the analysis. With this aim, in this section the implemented methodology is explained. The 
whole farm plant in which the entire production process takes place is reported in Figure 1 in which all the 
potentially thermal loads are considered. 

 
Figure 1 - Plant schematization with the potentially energetic loads. 

 

In Figure 1 �̇�𝑤𝑎𝑙𝑙 is the thermal load exchanged with the external ambient through the walls and the roof of the 

plant, �̇�𝑎𝑢𝑥 is the thermal load caused by the auxiliaries (pumps, fans, lighting system, ecc) and the production 

lines; finally, �̇�𝑒𝑣 is the outgoing thermal load of the evaporator. It is clear that, from an energetic balance to 
the control volume reported in Figure 1, the sum of the thermal load exchanged with the external ambient 



through the walls and the roof and the one caused by auxiliaries is counterbalanced by the outgoing thermal 
load of the evaporator: 

 

 �̇�𝑒𝑣 = �̇�𝑡𝑜𝑡 = �̇�𝑤𝑎𝑙𝑙 + �̇�𝑎𝑢𝑥 (1)  

 

In the energetic analysis the latent power due to the staff presence in the plant during the product’s processing 
phases has been omitted as it is significantly lower compared to the previous ones as well as difficult to 

estimate. In order to evaluate the thermal load �̇�𝑤𝑎𝑙𝑙 through the walls and the roof of the plant it is useful to 
refer the analysis to the generic j-th cell in which a specific processing phase takes place as shown in Figure 
2 with both the plan and the section views reported: 

 
Figure 2 - Plan and sectional view of the generic j-th cell with the indication of the thermal loads exchanged through the 

walls and the roof. 

 

The analysis was carried out by assuming that the internal temperature of the cell for the related processing 
phase is fixed to be 𝑇𝑗 and by associating to each processing phase of the product a specific cell of the plant. 

Moreover, the whole plant is served by a refrigeration unit. The thermal load related to the j-th processing 
phase is defined as the sum of the thermal loads exchanged through the walls and the roof as reported in 
equation (1): 

 

 �̇�𝑐𝑒𝑙𝑙,𝑗 = �̇�1,𝑗 + �̇�2,𝑗 + �̇�3,𝑗 + �̇�4,𝑗 + �̇�𝑟𝑜𝑜𝑓,𝑗 (2)  

 

Thermal loads of the walls and the roof are evaluated taking into account the radiative, convective and 
conductive contributes to the heat transfer mechanism and they are reported in the follow equations: 

 

 �̇�1,𝑗 = �̇�𝑤𝑎𝑙𝑙,1 = �̇�𝑐,𝑖𝑛𝑡  (3)  

 �̇�𝑘 = �̇�𝑐,𝑖𝑛𝑡 (4)  

 �̇�𝑟𝑎𝑑 = 𝐺𝐴𝑎 ∙ 𝑐𝑜𝑠𝜗 (5)  

 �̇�𝑐,𝑒𝑥𝑡 = ℎ𝑒𝑥𝑡𝐴(𝑇𝑎𝑚𝑏 − 𝑇𝑤𝑎𝑙𝑙,𝑒𝑥𝑡) (6)  

 �̇�𝑐,𝑖𝑛𝑡 = ℎ𝑖𝑛𝑡𝐴(𝑇𝑤𝑎𝑙𝑙,𝑖𝑛𝑡 − 𝑇𝑗) (7)  

 

In the previous equations, 𝐴 is the surface area, 𝐺 is the solar radiation, 𝜗 is the angle of incidence of the solar 
radiation, ℎ𝑒𝑥𝑡 is the external convective heat transfer coefficient, ℎ𝑖𝑛𝑡 is the internal convective heat transfer 

coefficient, 𝑇𝑤𝑎𝑙𝑙,𝑖𝑛𝑡 and 𝑇𝑤𝑎𝑙𝑙,𝑒𝑥𝑡 are the internal and the external wall temperature respectively and 𝑎 is the 

absorption coefficient. Therefore, the thermal load of the generic j-th cell �̇�𝑐𝑒𝑙𝑙,𝑗 can be considered as the sum 

of the thermal power exchanged through the walls and the roof. Finally, the total thermal power of the 

considered plant �̇�𝑤𝑎𝑙𝑙 will be calculated as the sum of the thermal power of each cell. In detail, the total thermal 
power of the whole farm has been evaluated during the year by considering Naples’ hourly temperature profile. 

Moreover, by knowing the quantity of product treated during the specific processing phase j-th (𝑚𝑝
𝑗

) and its 

residence time inside the generic j-th cell (Δ𝜗𝑗), the energy consumption of the j-th process will be evaluated 

and referred to the produced kilogram of raw material:  



 

 

𝐸𝑟𝑎𝑤 𝑚𝑎𝑡.,𝑗 = [ ∑ (
�̇�𝑐𝑒𝑙𝑙,𝑗(𝑇𝑎𝑚𝑏,𝑖) + �̇�𝑎𝑢𝑥,𝑗

�̇�𝑡𝑜𝑡

∙ �̇�𝑐𝑜𝑚𝑝,𝑖 + �̇�𝑎𝑢𝑥,𝑝,𝑗,𝑖)

𝑁𝑠𝑡𝑒𝑝

𝑖=1

] Δ𝜗𝑗 ∙
1

𝑚𝑝
𝑗
 

(8)  

 

In Equation (8) �̇�𝑎𝑢𝑥,𝑗 is the thermal load caused by the auxiliaries (pumps, fans, lighting system, ecc) and the 

production lines during the j-th processing phase, �̇�𝑎𝑢𝑥,𝑝,𝑖 is the mechanical power of auxiliaries (pumps, fans, 

lighting system, ecc) and the production lines of the considered processing phase whereas �̇�𝑐𝑜𝑚𝑝,𝑖  is the 

mechanical power of the compressor of the refrigeration unit serving the plant and �̇�𝑡𝑜𝑡 is the one defined in 

the previous Equation (1). Finally, 𝑁𝑠𝑡𝑒𝑝 is the ratio between the time of the j-th process and the chosen time 

step. The energy consumption of the whole process for the considered raw material is the sum of the energy 
consumption of the j-th phases and, in order to evaluate the rate of cost for electricity – that will be defined as 
𝑅𝐶𝐸 – per kilogram of processed product, the total energy consumption of the 𝑀 processes is then multiplied 
by the specific cost of electricity as reported in Equation (9): 

 

 

𝑅𝐶𝐸 = (∑ 𝐸𝑟𝑎𝑤 𝑚𝑎𝑡.,𝑗

𝑀

𝑗=1

) ∙ 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑐𝑜𝑠𝑡 𝑜𝑓 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 

(9)  

 

The considered case study is referred to the production of salad of a local farm and the analysis was carried 
out in order to include different scenarios in terms of external ambient temperature and specific cost of 
electricity by following the presented methodology. 

 

3. Case study 
For the present study data from a local farm near Naples have been processed in order to evaluate the rate of 
cost for electricity and relate it to the produced kilogram of product (salad). The identified processing phases 
are reported in Figure 3 in the relative flowchart: 

 

 
Figure 3 – Processing phases for the energy consumption analysis. 

 

In detail, the raw materials, previously grown in traditional greenhouse systems, arrive in the first cell (defined 
as cell 1); then the cooling process takes place and subsequently the raw materials are stored in the cell 
number 3. In the 4th cell both washing and drying processes occur and the semi-finished products are stored 
in the 5th cell from which they are bring to the cell number 6 for the subsequent phase of packaging. Finally, 
the products’ weight control, labelling and palletizing occur in the 7th cell and then the final product is stored in 
the 8th cell from which it is picked for the shipping. In Table 1 the one-to-one correspondence between the 
specific processing phase and the nomenclature is reported: 

 

 



Table 1 - Nomenclature and relative area of the processing phases. 

Cell Processing phase 𝐴 [𝑚2] 

1 Raw materials receiving 1300  

2 Vacuum cooling 310 

3 Raw materials storage 2200  

4 Product washing and drying 300 

5 Storage of semi-finished products 450 

6 Packaging of the products 750 

7 Weight control, labelling and palletizing 1600 

8 Storage and picking from the shipping cell 30 

 

 

3.1. Operating conditions 

Operating conditions of the farm in terms of quantity of product treated during the specific j-th processing phase 

𝑚𝑝
𝑗
 and its residence time inside the generic j-th cell Δ𝜗𝑗 as well as data about the refrigeration unit serving the 

whole plant and production lines with their on/off times have been processed and the rate of cost for electricity 
related to the processed kilogram of product was estimated. In detail, the analysis was carried out by 
considering several daily temperature profiles from January 9, 2023 to January 13, 2023. The thermal load 

�̇�𝑤𝑎𝑙𝑙 through the walls and the roof of the plant has been calculated by considering 0.1 as the absorption 

coefficient 𝑎 and the value of the insulating material’s thermal conductivity 𝑘 has been fixed to 0.023 𝑊/𝑚𝐾. 

As regard the thermal load caused by the auxiliaries �̇�𝑎𝑢𝑥, the first range production lines have been assumed 
all in operation from 4am to 8pm, whereas for the fourth range production lines data provided by the monitoring 

of the farm have been considered. Finally, data about the outgoing thermal load of the evaporator �̇�𝑒𝑣 during 
the second week of January 2023 have been taken into account from the monitoring of the local farm. Details 
about the operating conditions in which the analysis was carried out are reported in Table 2: 

 

Table 2 - Operating conditions for the thermo-economic analysis. 

Month Day �̇�𝑤𝑎𝑙𝑙 First range production 
lines operating hours 

Fourth range production 
lines operating hours 

January 

9 

𝑘 = 0.023 𝑊/𝑚𝐾 

𝑎 = 0.1 
16h 

19h 30’ 

10 16h 

11 17h 

12 16h 30’ 

13 16h 30’ 

 

 

3.2. Thermal loads evaluation 

In the operating conditions above described, all the thermal loads of interest – �̇�𝑤𝑎𝑙𝑙, �̇�𝑎𝑢𝑥 and �̇�𝑒𝑣 – have been 
calculated following the methodology presented in the previous section. Shown below the hourly dimensionless 
results of the thermal loads for the second week of January 2023, for the operating conditions reported in Table 
2. It is worth noting that all the data shown in Figure 4(a)-(e) have been dimensionless with respect to the 
maximum value of the outgoing thermal load of the evaporator: 

 



   

   

 

  
Figure 4  - Hourly dimensionless thermal loads evaluation for the second week of January, 2023 in the operating 

conditions reported in Table 2. (a) January, 9th. (b) January, 10th. (c) January, 11th. (d) January, 12th. (e) January, 13th. 

 

It can be seen that the sum of the thermal load caused by the auxiliaries �̇�𝑎𝑢𝑥 and the one exchanged through 

the walls and the roof the plant �̇�𝑤𝑎𝑙𝑙  is continually counterbalanced by the outgoing thermal load of the 
evaporator. In detail, the thermal load exchanged with the external ambient through the walls and the roof of 
the plant is, at most, about the 20% of the outgoing thermal load of the evaporator during the lighting hours 
whereas the thermal load of the auxiliaries (pumps, fans, lighting system, ecc) and the production lines is about 
the 80% of it. This trend occurs for all the operating conditions considered and for all the days taken into 
account in the energetic analysis. 

 

 

(a) 

(c) 

(e) 

(b) 

(d) 



4. Results and discussion 
 

4.1. Evaluation of the energy consumption related to the kilogram of product 

Once the thermal loads of interest have been evaluated in the operating conditions reported in Table 2, the 
energy consumption related to the kilogram of processed product (salad) of each processing phase has been 
calculated by following Equation (8) for the second week of January. Data related to the quantity of product 

treated during the specific processing phase j-th (𝑚𝑝
𝑗

) and its residence time inside the generic j-th cell (Δ𝜗𝑗) 

have been taken into account from the monitoring of the local farm. Then, the total daily energy consumption 
related to the kilogram of processed product has been considered as the sum of the specific energy of each 
processing phase by following Equation (9). In Table 3 results in terms of total daily energy consumption 
related to the kilogram of processed product are reported: 

 

Table 3 - Daily energy consumption related to the kilogram of processed product during the second week of January. 

Month Day (∑ 𝐸𝑟𝑎𝑤 𝑚𝑎𝑡.,𝑗

𝑀

𝑗=1

) [
𝑘𝑊ℎ

𝑘𝑔
] 

January 

9 4.46 

10 2.52 

11 2.37 

12 1.96 

13 2.36 

 

It can be noted that the total energy consumption of January, 9th is significantly higher compared to the others 
daily total energy consumption: +77%  and +128%  compared to the ones of January, 10th and 12th, 

respectively. This trend is caused by the higher thermal load of the auxiliaries �̇�𝑎𝑢𝑥 during the operating hours 
of the farm due to the higher operating time of the fourth range production lines. It is worth noting that the 
energy consumption related to the kilogram of processed product shown in Table 3 is strongly dependent on 
the performance of the production lines, on their operating times and finally on the external conditions. 
Therefore values in Table 3 have not to be considered as reference ones, but they can allow to consider and 
compare different solutions and scenarios able to reduce the rate of cost for electricity for kilogram of 
processed product for the presented case study. 

 

 

4.1. Economic analysis 

Finally, once the thermodynamic analysis has been completed, an economic one was implemented by 
following Equation (9). In detail, the specific cost of electricity has been fixed to 0.22 €/𝑘𝑊ℎ [15] – the cost is 

referred to the average price during the whole year 2022 – and the daily rate of cost for electricity (𝑅𝐶𝐸) related 
to the kilogram of processed product has been calculated for the second week of January, as shown in Figure 
5. 

 



 
Figure 5 - Daily rate of cost for electricity related to the kilogram of processed product for a specific cost of electricity of 

0.22 €/𝑘𝑊ℎ for the second week of January. 

 

It can be noted that the daily 𝑅𝐶𝐸 of January, 9th is significantly higher compared to the other ones, following 
the trend of the daily energy consumption shown in the previous sub-section (4.1): +88%  and +128% 
compared to the ones of January 11th and 12th, respectively. 

Finally, different economic scenarios have been considered by fixing the specific cost of electricity to 
0.32 €/𝑘𝑊ℎ and 0.42 €/𝑘𝑊ℎ, in order to take into account the variation of the specific cost of electricity. 
Results of the implemented scenarios are shown in Figure 6.  

 

   

   

(a) (b) 

(c) (d) 



  
Figure 6 – Daily rate of cost for electricity related to the kilogram of processed product for specific cost of electricity of 

0.22 €/𝑘𝑊ℎ, 0.32 €/𝑘𝑊ℎ and 0.42 €/𝑘𝑊ℎ. (a) January, 9th. (b) January, 10th. (c) January, 11th. (d) January, 12th. (e) 
January, 13th. 

 

It can be noted that the increase in the specific cost of electricity involves an increase in the daily rate of cost 
for electricity per kilogram of processed product – +92%  and +94%  by passing from a specific cost of 

electricity of 0.22€/𝑘𝑊ℎ to 0.42 €/𝑘𝑊ℎ by considering January 11th and 13th, respectively. The same trend is 
observed for all the operating conditions included in the analysis. 

 

5. Conclusions 
In this manuscript the modelling of a traditional agrifood system has been implemented taking into account all 
the parameters of interest, such as external conditions, internal ones, crop type production, air conditioning 
and lighting systems. In detail, data from a local farm producing salad have been processed in terms of quantity 

of product treated during the specific j-th processing phase 𝑚𝑝
𝑗
 and its residence time inside the generic j-th 

cell Δ𝜗𝑗 as well as data about the refrigeration unit serving the whole plant and production lines with their on/off 

times. A thermo-economic analysis has been implemented by considering different operating conditions in 
terms of daily external temperature profile and specific cost of electricity. The main conclusions of the 
manuscript are reported as follow: 

 For all the operating conditions considered and for all the days taken into account the thermal loads 

evaluation has highlighted that the thermal power exchanged with the external ambient through the 

walls and the roof of the plant is, at most, about the 20% of the outgoing thermal load of the evaporator 

during the lighting hours whereas the thermal load of the auxiliaries (including the production lines) is 

about the 80% of it. 
 The total daily energy consumption related to the kilogram of processed product has been evaluated: 

for January 9th it is significantly higher compared to the others: +77% and +128% compared to the 

ones of January 10th and 12th, respectively. 

 By considering the specific cost of electricity of January 2023 as 0.22 €/𝑘𝑊ℎ, the daily rate of cost for 

electricity 𝑅𝐶𝐸 has been evaluated. The same trend of the total daily energy consumption was found: 

in fact, the daily 𝑅𝐶𝐸 of January 9th is significantly higher compared to the others, up to +128% with 

the one of January 12th. 

 Finally, different economic scenarios in terms of specific cost of electricity have been included in the 

analysis. It was found that the increase in the specific cost of electricity involves an increase in the 

daily 𝑅𝐶𝐸, up to +94% for January 13th, by passing from specific cost of electricity of 0.32€/𝑘𝑊ℎ to 

0.42 €/𝑘𝑊ℎ. 

 

Nomenclature 

a absorption coefficient 

𝐴 surface area, m2 

𝐺 solar radiation, W/m2 

(e) 



h heat transfer coefficient, W/(m2 K) 

H height of the wall of the cell, m 

k thermal conductivity, W/(m K) 

L length of the wall of the cell, m 

�̇� mechanical power, kW 

𝑚 mass of processed product, kg 

𝑀 total processing phases 

𝑁 number of step integration 

𝑅𝐶𝐸 rate of cost for electricity, €/kg 

𝑇 temperature, K 

�̇� thermal load, kW 

Greek symbols 

ϑ angle of incidence of the solar radiation, rad 

Δϑ residence time of the mass during the processing phase 

Subscripts and superscripts 

amb ambient 

aux auxiliaries 

c conductive 

cell cell 

comp compressor 

ev evaporator 

ext external 

i time step for the integration 

int internal 

k convective 

j specific processing phase 

max maximum 

p process 

rad radiant 

raw mat. raw material 

step step of integration 

tot total 

wall wall 
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Abstract: 

The indoor air temperature in buildings is one of the main parameters determining both the indoor thermal 

comfort of inhabitants and the energy consumption of the Heating, Ventilation and Air Conditioning systems 

(HVAC). Clothing insulation of building residents is a key factor dramatically affecting people thermal comfort 

and HVAC energy demand. Indoor set point temperature, depends on clothing factor, relative humidity and 

mean radiant temperature. Although the clothing insulation values are selected according to well-known 

standards, clothing insulation depends on several factors: the metabolic heat production, activity and gender 

(females tend to be cooler than males in cool conditions). Therefore, users can adjust their clothing insulation 

according to the outdoor temperature change, suiting their own thermal comfort requirement. In this framework, 

a dynamic simulation model for the evaluation of the comfort conditions and the cooling energy consumption 

based on the variation in clothing insulation for office applications is developed in the present work. In order to 

calculate the space cooling demand, a suitable thermal zone was modelled by the TRNSYS Type 56 coupled 

to the Google SketchUp TRNSYS3d plug-in. The model was validated and applied to a suitable case study, 

an office room located at University of Federico II in Naples (Italy). Different sensitivity analyses were 

performed changing the clothing insulation and the office set-point temperature, to estimate both the comfort 

conditions and cooling energy demands. The model can be considered a flexible tool to suggest simple clothing 

adjustment behaviors which may represent a tradeoff among thermal comfort, energy saving and dressing 

code.  

Keywords: 

Dynamic simulations, Clothing insulation, Building energy saving, Thermal comfort 

1. Introduction 
 

In 2020, the global building sector accounted for 36% of energy consumption and 37% of CO2 emissions, while 
the residential sector accounted for 22% of energy consumption and 17% of CO2 emissions [1]. As a result, 
over the last two decades, a series of policies and regulations have been implemented in order to increase the 
energy efficiency and reduce carbon emissions. It is estimated that 80% of the current building stock will still 
be in use in 2050 and current renovations rates of 1% is too low to meet the Green Deal goals [1]. Advances 
in heating, ventilation, and air conditioning (HVAC) systems, energy-efficiency strategies for the building stock 
have been advocated to reduce energy consumption in the building sector and encouraging environmental 
friendly end-use behaviours [2]. These involve improved measures on the envelopes of buildings [3], such as 
employing innovative materials [4], advanced insulation and building structures [5], new construction and the 
renovation of existing buildings [6].  

mailto:maria.vicidomini@unina.it


PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

It is well known that, in both residential and non-residential buildings, different types of HVAC systems can be 
used to control the indoor air temperature, humidity and/or quality [7]. Such parameters significantly affect the 
indoor thermal comfort [8]. The building thermal comfort level is related to building energy consumption, 
therefore, a large amount of energy will be consumed while improving indoor thermal comfort [9]. Considering 
ongoing global warming issues and the increasing demand for cooling energy, it is also important for policy-
makers and households to implement suitable strategies to reduce their cooling energy demand and resulting, 
consequently decreasing the related carbon emissions [10]. In this framework, energy refurbishment actions 
for the building envelope and HVAC systems are pivotal to reduce the building energy demand. Unfortunately, 
the majority of these actions are featured by high capital costs and long payback periods. However, significant 
energy savings can be also achieved simply modifying the users behaviour, avoiding any major refurbishment 
[11]. Tam et al. [12] argue that the actual occupant behaviour plays a crucial role to achieve  an optimal building 
performance, from both energy and environmental points of view. They also suggest including occupant 
behaviour in the calculation procedure of the energy rating of existing buildings. A careless behaviour 
negatively affects the building energy demand, also affecting the thermal comfort. Energy dissipation is often 
due to a plurality of incorrect user habits. This is especially true in office buildings where occupants are not 
aware on the impact on the energy bills of their behaviours. Some previous works focused on the promotion 
of users behaviour change, by encouraging the adoption of positive energy management habits. These 
behavioural interventions include the use of interactive games to increase the user awareness regarding 
different energy-saving strategies [13], using monetary rewards to encourage energy conservation, introducing 
different forms of incentives to motivate the adoption of positive energy management habits [14]. 

In the framework of the user behaviour, the dress-code plays a pivotal role in the definition of the user thermal 
comfort [15], and therefore, of the thermal energy consumption. In many working environments (banks, 
universities, etc), the clothing insulation mirrors the “power” structure within the workplace, representing the 
symbol of credibility [16], and the dress code overrides the rational thermoregulatory behaviour. In fact, users 
are often expected to dress in a multi-layer wool suit, regardless of the hot outdoor climate. Corporate dress 
codes completely extinguish opportunities for clothing adaptation [17]. In these workspaces, the energy 
demand for space cooling is higher with respect to the case of more informal dressing codes. For example, a 
suit without the tie allows one to significantly improve the thermal comfort during the summer season.  This 
results in a lower space cooling demand and environmental impact. Considering near-sedentary activities 
performed in office buildings, where the metabolic rate is approximately 1.2 met, the effect of changing clothing 
insulation on the optimum operative temperature is about 6 °C per clo (1 clo is equal to 0.155 m2 K/W). 
Therefore, removing of a thin, long-sleeve sweater decreases clothing insulation by approximately 0.25 clo 
and would increase the optimum operative temperature by approximately 6 °C/clo × 0.25 clo = 1.5 °C [18]. The 
ASHRAE chart indicates that the clothing insulation should be reduced to 0.1-0.6 clo (ideally, 0.3) to maintain 
comfort at 25.6°C [19], and not at 21.5°C as in the case of 1 clo (to obtain for a standard office activity of 1.2 
met, a relative humidity of 50%, an air velocity less than 0.1 m/s, and the air temperature equal to the mean 
radiant temperature, a Predict Mean Vote (PMV) equal to 0 and Predicted Percentage of Dissatisfied (PPD) 
equal to 5%). A change in clothing insulation by only 0.2 clo leads to a temperature change of about 1°C in a 
typical office building [20]. 

In civil building environments, many researchers have found that changing clothing to acclimate to different 
climate conditions has been an affordable and efficient method of achieving thermal comfort [21, 22]. Newsham 
[23] proposes a model to study the effect of different levels of clothing on thermal comfort and energy 
consumption. The model is applied to an office, located in Toronto, adopting high cooling set-point 
temperatures in summer and lower heating set-point temperatures in winter. The aim is to detect the clothing 
factor values suitable to guarantee a PPD index of around 5%. In case of a more flexible and adaptable 
clothing, the cooling set-point value of 25.55°C is detected. This decreases to 24.35°C for a value of 0.75 clo. 
However, both set-point temperatures are lower than the value of the dress factor corresponding to a classic 
formal dress (1 clo). It is worth noting that the space cooling energy demand significantly depends on the 
aforementioned set-point values, with an annual consumption of 218 kWh in the first case, 275 kWh in the 
second one, realizing an energy saving of 21%. Wu et al. [24] present a study dealing with an office building 
in Guangzhou, featured by a hot summer and a warm winter. To perform the study, once a week the office 
workers carried out a questionnaire regarding the thermal comfort, whereas physical environmental 
parameters were continuously recorded. For each season, different clothing factors were considered. They 
conclude that for the investigated weather zone, increasing the set-point temperature in office buildings from 
26°C to 29°C would save about 60% cooling energy without thermal discomfort. Schiavon and Lee [25] 
developed two multivariable linear mixed models considering the clothing as a function of outdoor air 
temperature measured at 6 o'clock and of indoor operative temperature. These models allow more accurate 
thermal comfort calculation and HVAC sizing with respect to the common practice of keeping the clothing 
insulation equal to 0.5 clo in the summer and 1 clo in the winter. For example, the winter median clothing 
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insulation in Canada was 0.8 clo when the median winter outdoor air temperature measured at 6 o'clock 
was−7.5°C.  Lakeridou et al. [26] suggest increasing the set-point temperature of the offices of the United 
Kingdom by 2°C with respect the current set-point values of 22 ± 2°C. They changedthe set-point temperature 
only for one floor of the building and measured the indoor air temperatures at various locations across the 
floors. The results of the statistical analysis for all 129 participants suggest that the increase led to the 
occupants feeling significantly warmer in comparison with the group at lower temperature settings. However, 
increasing the floor set-point of open-plan areas to 24°C appears not to cause substantial discomfort, even if 
the actual percentage dissatisfied (APD) in some offices was near its maximum acceptable value equal to 
20%. De Dear [22] examines the influence of clothing for two different cases study located in Sydney 
(Australia), a suburban shopping mall and a call center. The company that operates the call center is based 
on a strict working dress code from Monday to Thursday, but employees were free to wear casual clothes on 
Fridays. The daily mean values for all workers of the clothing factors on Friday were significantly higher than 
values for other weekdays in winter and lower in summer. On Friday, in the Sydney office case study, workers 
showed their marked preference for clothing not imposed by codes of formality. 

 

1.1. Aim of the work 

Although this topic was widely studied in literature, a lack of knowledge regarding the analysis using dynamic 
simulations is detected. This kind of analysis allows one to control, for each time step of the simulations, the 
key variables affecting the thermal comfort, considering the users within a whole building-plant simulation 
system. Considering that the building is a complex system, the energy phenomena occurring are different and 
continuously correlated: these phenomena concern the features of the building envelope (walls, roofs, 
windows), the plants for the production of space heating and cooling, the intended use of the zones of the 
building (residential, offices, hotels), the presence of a large number of people or machines that produce heat. 
Avoiding experimental investigations, the dynamic simulation analyzes the energy performance of a building 
with precision and reliability, obtaining consistent estimates. For this reason, the present study is performed 
using the TRNSYS software, analyzing the actual influence of the relaxation of the dress code on the cooling 
energy demand and the thermal comfort of occupants. The developed model was applied to a typical office 
located in Naples (South of Italy) of the University Federico II. The proposal for an extreme relaxation of the 
dress code will give the opportunity to remove the jacket and tie from the classic formal dress. As a limit case 
study, the so-called "tropical" dress, consisting of a short-sleeved shirt and shorts, was also analyzed. Note 
that the hourly dynamic simulation allows one to evaluate the hours of discomfort of the users as a function of 
the cooling set-point temperature and clothing factor for any day of the summer season. The dynamic 
simulation model demonstrated its ability to accurately predict the thermal comfort perceptions. In addition, 
using the dynamic simulation tool, it is possible to properly design the HVAC systems capacity (oversized to 
respect specific and rigid thermal comfort conditions), and to determine their lower energy demand. 

 

2. Method 

In this section the method used to develop the calculations is presented. In particular, section 2.1 shows the 
model developed to perform the dynamic simulations and the economic, energy and economic analyses; 
section 2.2 reports the case study considered to run the simulations.  

2.1. Model 

The simulation model of the office is developed using the well-known tool TRNSYS. It includes a large library 

of components, which are able to accurately simulate the energy performance of the energy components 

included in the investigated system. The types included in TRNSYS environment are considered reliable and 

validated [27]. TRNSYS software is very reliable and accurate for the evaluation of building energy demand 

[28] and is considered by the scientific community as a benchmark tool to validate the in-house building 

simulation models [29-31]. 

Type 56 was selected to model the office. The validation of the whole Type 56 is presented in reference [32]. 

This component calculates the dynamic energy demand, by considering its 3D geometry (defined in the Google 

SketchUp TRNSYS3d plug-in [33], the effects of the environmental conditions (i.e. ambient temperature and 

humidity, solar radiation, etc.) the envelope thermophysical proprieties, as well as all the internal gains (people, 

lights, machineries), the ventilation and infiltration rate. The office geometry analyzed in this work is 

represented in  
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Figure 1. Details about the geometry are provided in the case study section. To simulate the external 

overhangs, the tool “Trnsys3d Shading Group” was used. In Type 56 a number of parameters can be set: 

material thermophysical properties of walls and layers, ventilation and infiltration profiles, heat gains, heating 

and cooling scheduling, etc. Note that the mathematical model of Type 56 allows one to evaluate the building 

user comfort according to the ASHRAE Standard 55-2013 [34]. It is also worth noting that Type 56, included 

in TRNSYS 18 release, includes a detailed model for the calculation of radiation in the building, taking into 

account a complex model for the calculation of view factors and considering the radiative properties of the 

surfaces as a function of the wavelength. As a consequence, the model returns the wall temperatures and the 

radiate flows emitted by the walls and transmitted by the glazing surfaces. Thus, the model can also calculate 

important comfort parameters such mean radiant temperature and operative temperature which directly affect 

the comfort indexes. The most relevant comfort parameters are calculated according to the Fanger theory [35]. 

In particular, according to the UNI EN ISO 7730 regulation [36], the calculated comfort indexes are Predicted 

Percentage of Dissatisfied (PPD) and Predicted Mean Vote (PMV). Therefore, the model allows one to detect 

the number of operating hours where the comfort parameters are outside the acceptability range (discomfort 

hours).  

 

 

 

Figure 1. Sketchup 3D model of the office, without (a) and with (b) external overhangs 

Type 15 and 109 were used to simulate the weather conditions of the city where the selected office is located 

providing the hourly weather data files obtained by Meteonorm database. The cooling energy needed to cool 

the office at the desired set-point temperature is produced by a fan coil unit, simulated by the TRNSYS Type 

600. The fan coil is supplied by chilled water by a suitable variable speed pump, simulated by Type 110. A 

suitable control strategy, managed by the proportional controller Type 1669, is implemented in the model to 

manage the water flow rate flowing through the pump. The controller manages the flow of water to be supplied 

to the fan coil according to the indoor air temperature of the office. When the indoor air temperature is higher 

than a fixed threshold value, the pump supplies the fan coil with the highest value of flow rate, which is 

proportionally reduced when the indoor air temperature decreases. The fan coil air flow is assumed to be 

constant, and it depends on the nominal cooling capacity of the fan coil. 

 

2.2. Case study 

The case study is a 22.3 m2 office located at 10th floor of the building of University of Federico II, in Naples, 
South of Italy, see  

Figure 2. The office consists of one external vertical wall and three adjacent vertical walls, bordering other 
internal areas (offices and hallway). The building. On the external wall there are six double-glazed windows 
with aluminium frame and air gap.  

(a) (b) 
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Figure 2. University of Federico II, Piazzale Tecchio, Naples, Italy (a), Investigated Office (b) 

In particular, three windows (1.52m x 1.56m) are located on the lower side of the wall and three windows 
(skylights, 1.52m x 0.85m) are located on the upper side of the wall.  The aluminium frame covers 35% of the 
whole glazed area for lower side windows and 40% of the whole glazed area for upper side windows. A 
venetian blind is also considered for all lower side windows, device that plays a fundamental role in calculating 
of the incoming solar radiation. To control the opening and closing of the shading device, a suitable control 
strategy of the solar radiation is implemented. In particular, if the total horizontal radiation is lower than a certain 
treshold, the shading device is completely opened. Conversely, the shading device is completely closed.  

 

The building envelope was defined according to the period of construction of the building. The features of the 
typical buildings constructed during the years from 1955 and 1970 were assumed and reported in Table 1.  

Table 1. Thermophysical proprieties of the office 

Component Thickness [mm] U [W/m2K] 

Internal floor/ceiling 350 0.347 
External wall 340 0.326 
Outer pillar 470 1.899 

Window glass (lower and upper wall) 4/16(air)/4 2.89  
 

The heat gains due to the people, lighting systems and machineries were summarized in Table 2. The 
considered values were fixed according to the ASHRAE Handbook Fundamentals [37]. The infiltration rate 
was set equal to 0.6 1/h. The office is occupied by users from 9:00 am to 6:00 pm on weekdays. The closure 
of the office during the summer holidays was assumed from August 8th to 22nd. The cooling season was 
assumed from May 1st to September 30th. The cooling system operates only during the occupation hours.  

A control strategy related to the switching on and off of the artificial lights was implemented. Easily, the lights 
are switched on when the total horizontal radiation is lower than a fixes value defined equal to 120 W/m2.and 
switched off when it is higher than 200 W/m2. 

Table 2. Heat Gains 

Mode Total heat [W] Radiative heat [W] Convective heat [W] 

Two computers 
Continuous operating 65 6.5 58.5 

Energy saving 25 2.5 22.5 
Four Monitors, 48 cm each one 

Continuous operating 80 8 72 
Energy saving 0 

Lights: 2 LED panels [60cmx60cm] 48W 
Switching on 31.2 8.4 22.8 

Two women        Activity: Light office work 
Total heat [W] Sensible heat [W] Latent heat [W] Radiative Sensible heat [%] 

115 70 45 60 

 

(a) (b) 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

For the comfort analysis of the office occupants, three different combinations of the main variables affecting 
on the thermal comfort condition were simulated. 

In particular, the metabolic activity and air velocity values were set constant and equal respectively to 1.2 met 
(representative of the light metabolic activity for sedentary office work) and 0.1 m/s. Such values are consistent 
with the type of simulated indoor environment. As for the clothing factor, three different values were defined, 
each corresponding to a specific outfit. In particular, according to the EN ISO 7730: 

▪ For the comfort condition C1, the value of 1 clo was associated, representative of the classic formal dress 
(trousers, long-sleeved shirt, jacket and tie); 

▪ For the comfort condition C2, the value of 0.5 clo was associated, representative of a generic light summer 
clothing (light trousers and unbuttoned short-sleeved shirt); 

▪ For the comfort condition C3, the value of 0.3 clo was associated, corresponding to a "tropical" outfit, 
consisting of shorts, a short-sleeved shirt, socks and sandals. 

Concerning the energy, environmental and economic analysis, the following assumptions were considered. To 
convert the cooling energy demand of the office in electric energy, a constant coefficient of performance equal 
to 3 [38] and an electric efficiency of the national power plants equal to 0.46 [39], were assumed. The operating 
cost evaluation is carried out assuming a specific electric unit cost equal to 0.53 €/kWhel. The total CO2 
emissions due to the electric energy demand were evaluated considering an equivalent emission factor equal 
to 0.48 kgCO2/ kWhel [40]. 

 

3. Results 
In this section, the main results obtained by the dynamic simulations are discussed. The results are presented 
considering the hourly trends over a single day of the summer season as well as the energy trends obtained 
for each month of the summer season. The results obtaiened by a sensitivity analysis, performed by varying 
both the set-point temperature of the cooling plant as well as the clothing factor of the users are presented, 
considering their effect on the thermal comfort of the users itself. Note that for the comfort analysis, it was 
assumed that the user perceives a comfort condition according to the values assumed by PMV. If -1 <PMV<+1, 
the user perceives a comfort condition.  

In  

Figure 3, the hourly trends of the main physical parameters (relative humidity and radiant mean temperature) 
affecting the thermal comfort of the users (according to the UNI EN ISO 7730) are reported for a typical summer 
day. The air velocity was assumed constant at the value of 0.1 m/s, considering that in the investigated office 
no significant inflitration occurs. Note that both graphs of  

Figure 3 report such trends for all the considered set-point temperatures of the cooling plant (from 24°C to 
28°C).  

For all the set-point temperatures similar trends of the mean radiant temperature can be observed. In particular, 
the mean radiant temperature decreases from 00:00 to 06:00 am following the trend of the outdoor air 
temperaure and it starts to increase from 06:00 and 09:00 am, when the sun rises and the solar radiation is 
directed on the external wall of the office. When the cooling plant is switched on (from 09:00 am to 6:00 pm), 
the radiant mean temperature decreases. The drop is more significant for the set-point temperature of 24°C 
Note that the office consists of one external wall and its windows all facing south. Therefore, although the 
indoor air temperature reaches the set-point value, the radiant mean temperatures increase reaching the 
maximum values at 12:30 pm, due to the high solar radiation incident on the office. For the set-point 
temperature of 28°C and 24°C, the radiant mean temperatures reach the values of 29°C and 26.5°C, 
respectively, although the cooling plant is switched on. The lowest peak values achieved at 06:00 pm occur at 
the closing time of the office and the switching off of the cooling plant. After that, the radiant mean temperature 
shows again an increase, due both to the solar heat which is absorbed during the day and released during the 
evening hours, and to the radiative and convective fluxes emitted by the computers which continue to be active 
in the energy saving mode. A slight reduction of radiant mean temperatures is verified during the late afternoon 
and evening hours when the solar radiation is zero and the outdoor air temperature starts to decrease. For all 
the set-point temperatures similar trends of the relative humidity can be observed. In particular,  it is about 
lower than 70% during the office opening time, while it shows significant increases in the first and last hours 
of the day. Note that the cooling plant reduces the relative humidity of the investigated office but it is not 
designed to constantly control the relative humidity of the room. Therefore, for a typical sunny and humid day 
as the reported one, the relative humidity is high during the operation hours. However, the values fall within 
the range 30%-70%, suggested by the UNI EN ISO 7730. 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

 

 

Figure 3. Hourly relative humidity (a) and radiant mean temperature (b) 

In Figure 4, the monthly cooling energies from the cooling season (May-Sept) for all the investigated cooling 
set-point temperatures were reported. Considering the weather data of Naples, the hottest month is July. In 
this month the highest consumption for space cooling purpose is equal to 18 kWh/m2month for the set-point 
temperature of 24°C. The lowest one is equal to 12 kWh/m2month for the set-point temperature of 28°C, 33% 
lower than the previous case. Note that the low peak values occur in August are due to the two closing weeks 
of the university for the summer vacation.   

 

 

 

Figure 4. Monthly cooling energy vs cooling set-point temperatures 
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Figure 5. Comparison between hours of plant operation and hours of comfort 

Figure 5 shows the comparison between the hours of plant operation and hours of comfort for the three 
considered scenarios of clothing factor, equal to 0.3 clo, 0.5 clo and 1 clo. As the set-point temperature value 
increases, the number of operating hours of the plant progressively decreases from 865 to 713. In the case of 
the classic formal dress, see CLO 1 scenario, the number of operating hours of the plant is high only at 24°C, 
whereas it is equal to 0 and 24 at 28°C and 27°C, respectively.  With light summer dress, see CLO 2 scenario, 
the number of operating hours of the plant is high up to 27°C. With a tropical outfit, see CLO 3 scenario, also 
the cooling set-point temperature of 28°C becomes tolerable, considering that the number of operating hours 
of the plant is 707. The cooling set-point temperature of 28°C is not suitable for clothing factors equal to 1 and 
0.5. 

  

In Figure 6 the frequency distribution of PMV related to the number of plant operation for different cooling set-
point temperatures were reported. Considering a clothing factor equal to 0.3 and a set-point temperature of 
24°C, the PMVs are for about 850 hours lower than 0. For about 100 hours, a cooling perception, 
corresponding to -0.75<PMV<-1 was observed. Considering a clothing factor equal to 1, only a very low 
number of hours corresponds to PMVs higher than 1. For a set-point temperature of 25°C and a clothing factor 
of 1, for more than 150 hours, the obtained PMVs are higher than 1. For the same clothing factor, an increase 
of the set-point temperature of only 1°C determines a very significant increase of the discomfort hours, passing 
from about 150 to 650 hours. For a set-point temperature of 27°C and a clothing factor of 0.5, related to the 
summer light dress, almost all the PMVs are lower than 1 for all the operation hours. However, if the set-point 
temperature is raised to 28°C, for about 400 hours the PMVs are higher than 1. Conversely, if a summer light 
dress is adopted, i.e. a clothing factor equal to 0.3, all the PMVs are lower than 1 for all the operation hours. 
This means that the relaxation of the dress code is functional for the reduction of the cooling energy 
consumption, considering that the users will set a high cooling temperature due to the cooling perception due 
to the adoption of summer light dresses.  
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Figure 6. Frequency distribution of PMV indices for different cooling set-point temperatures 

In Table 3, the results of the energy, economic and environmental analyses for all the set-point temperatures 
investigated, from 24°C to 28°C were reported. A set-point temperature of 24°C involves a cooling energy 
demand of 66 kWh/m2 higher than the energy demand related to the set-point of 28°C, equal to 42 kWh/m2 
and higher than the demand related to the value of 26°C, equal to 54 kWh/m2. The set-point temperature of 
28°C and 27°C, determines primary energy savings over 32%, when compared with the set-point temperature 
of 24°C. The set-point temperature of 28°C corresponds to a reduction in the total CO2 emissions of 108 
kgCO2/year when compared with the set-point temperature of 24°C. Concerning the operating cost for space 
cooling, for the set-point temperature of 24°C, the obtained value is 376 €/y, which reduces to 252 €/y for the 
set-point temperature of 28°C. Therefore, without any capital cost, this energy measure, simply wearing a 
tropical or light summers dresses, can be useful for reaching important energy, economic and environmental 
savings. Note that this energy measure was evaluated only considering one office of 22 m2. Therefore, the 
results could be of course more advantageous and significative if the analysis will be extended to other offices 
of the university.   
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Table 3. Energy, economic and environmental analysis 

Set-point 
temperature 

Cooling 
energy 

Primary energy Cost for space 
cooling 

Total CO2 
emissions 

Increase of 
cooling energy 

[°C] [kWh/m2y] [kWh/m2 y] [€/y] [kgCO2/y] [%] 

24 66.24 67.60 376 332 57.80 

25 60.41 62.34 347 306 43.92 

26 54.35 56.81 316 297 29.47 

27 48.36 51.24 285 252 15.21 

28 41.98 45.32 252 224 - 

 

4. Conclusion 
This study evaluated the influence of classic formal dress-codes on the cooling energy demand and the 
perceived comfort, in office users during the summer season. A typical university office was selected to 
evaluate which effective consumption reduction could be obtained through a significant relaxation of the dress-
code, when an increase of the air set-point temperature occurs. Several clothing factors were considered 
related to the classic, tropical and light summer clothing. The investigation was performed in TRNSYS 
environment by a dynamic simulation model evaluating both the common comfort indexes and the cooling 
energy demand of the office. The model was applied to a suitable case study, the office room located at the 
University of Naples Federico II, where authors of the presented study work. The results of the simulations 
showed that the clothing factor and the set-point temperature dramatically affect both energy consumption and 
the comfort indexes values. Furthermore, these results proved that the use of a more flexible dress-code, 
considering higher set-point temperatures, significant energy, economic and CO2 emissions savings can be 
obtained. The increase of the summer air conditioning set-point temperature up to 28°C, is acceptable only for 
the dress code consisting of shorts and short-sleeved shirts. If this clothing is extreme and unacceptable for 
the type of office considered, a more formal dress-code, consisting of trousers, a short-sleeved shirt and closed 
shoes, can be adopted. However, in this case the increase in the air set-point temperature up to 27°C can be 
settled. If any relaxation of the dress-code can be accepted due to the fact that the classic formal dress is 
essential for the users, acceptable comfort index values can be obtained only if the air set-point temperature 
is decreased at least 24°C. This value not only is lower than the threshold set by the Italian normative (DL 1 
March 2022, N. 17) regarding the summer air conditioning temperature, but also implies energy, economic and 
environmental impact increases. A set-point temperature of 24°C is the only value compatible with the classic 
dress, although this involves intolerable cooling energy demand. The set-point temperature of 27°C, 
compatible with light summer dress determines cooling energy savings over 37%. The set-point temperature  
of 28°C is compatible only with the  tropical dress. and corresponds to a reduction in the consumption of cooling 
and primary energy by over 50%. 

The analysis of the case study allowed, albeit on a small scale, to test the high potential of the increase of the 
cooling set-point temperature in the offices during the summer season, on the significant reductions in terms 
of energy, economic and environmental impacts. However, there are critical issues, which risk limiting the 
implementation of the initiative.  

▪ Workers that may not feel adequate with a more flexible type of clothing and are still anchored to the choice 
of a formal outfit because it is coherent with the company policy.  

▪ The difficulty of implementation within working contexts that require the interfacing with the public, 
considering the common idea that the dress worn reflects the degree of seriousness, reliability of employ, 
of professionalism and competence within a working context. 
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Abstract: 

Hard-to-abate industries require significant amounts of hydrogen, which is mainly used as feedstock, reducing 
agent and gas carrier. Currently, most of this demand is met by fossil-based hydrogen produced on-site or 
delivered by trailers. There is therefore huge potential to decarbonize these industries by replacing 
conventional grey hydrogen supply with sustainable power-to-hydrogen systems that exploit renewable energy 
to produce green hydrogen through electrolysis. In this work, a semiconductors production plant was 
considered as a case study. Hydrogen is used as gas carrier in epitaxial silicon growth and the demand is 
about 110 tons per year. The goal is to explore the cost-effectiveness of on-site green hydrogen production. 
The power-to-hydrogen system includes a photovoltaic plant, a PEM electrolyzer, a compressor, a hydrogen 
tank, a grey hydrogen back-up system and the electrical grid connection. The optimal system sizing was carried 
out by adopting the Particle Swarm Optimization (PSO) algorithm able to identify the configuration that 
minimizes the Levelized Cost of Hydrogen (LCOH) while ensuring the coverage of the hydrogen demand over 
the entire year. For a detailed techno-economic assessment, size-dependent cost functions were applied, and 
the lifetime of the electrochemical component was estimated based on its operating hours during the year.  
Results show that the cost-optimal solution is the current scenario, where only grey hydrogen is employed 
(LCOH equal to 4 €/kg). Different decarbonization targets (i.e., grey hydrogen share constraint in the range 0-
100%) were also investigated and the resulting LCOH ranges from 4 €/kg (full grey hydrogen scenario) to 
10.85 €/kg (full green hydrogen scenario). The resulting Pareto front shows two distinct regions: the reduction 
of grey hydrogen share from 100% (current scenario) to 30% - corresponding to a decarbonization rate of 0% 
to 70% – follows a smooth trend with an LCOH increase from 4 to 6.2 €/kg (first region). Higher decarbonization 
rates (> 70%, second region) instead lead to a steeper increase in the LCOH, reaching 10.85 €/kg in the 
completely decarbonized scenario (0% grey hydrogen). 

Keywords 

Hydrogen, Electrolysis, Optimal sizing, Hard-to-abate, CO2 savings 

1. Introduction 
Electronics manufacturing currently represents a niche industrial application of hydrogen. Specifically, high 
purity hydrogen (i.e., higher than 99.999%) is used as a gas carrier in the semiconductor industry for the 
epitaxial growth of the silicon wafers.  

According to Rochlitz et al. [1], 16.5 million Nm3 of hydrogen are consumed annually by the around 500 epitaxy 
reactors across Europe. This demand is largely met by fossil-based hydrogen (i.e., grey hydrogen) that is 
delivered – either compressed or liquid – by trailers to the industrial plants, or alternatively produced on-site 
through Steam Methane Reforming (SMR). Thus, renewable power-to-hydrogen (P-t-H) systems can 
represent a promising low-carbon strategy for the hydrogen supply of the semiconductor industries. In fact, 
using green hydrogen in hard-to-abate sectors can effectively reduce CO2 emissions in a cost-effective way. 
Gärtner et al. [2] investigated the integration of a power-to-hydrogen system in a German glass industry and 
found out that CO2 emissions can be reduced by up to 60% through the use of renewable hydrogen. Marocco 
et al. [3] investigated the role of hydrogen in decarbonizing the high-temperature heat production in the steel 
sector. Moreover, they highlighted that lower Levelized Cost of Hydrogen (LCOH) values can be achieved by 
exploiting cheaper electricity, such as that generated by on-site Renewable Energy Sources (RES).  Röben et 
al. [4] assessed the techno-economic feasibility of reducing direct CO2 emissions in copper production by 
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installing a power-to-hydrogen system. They confirmed that the electricity price is a crucial parameter to 
achieve a cost-efficient decarbonization. In addition, they pointed out that exploiting the by-product oxygen 
can boost the profitability of this solution. Gu et al. [5] carried out a techno-economic analysis of a green 
methanol production plant and the results emphasized the impact of the carbon price on reaching the 
breakeven with the conventional process. However, no studies that specifically assess the cost-effectiveness 
of exploiting green hydrogen in the silicon wafers manufacturing were found in the literature. Thus, the present 
work aims at filling this gap by proposing a detailed techno-economic optimization study for a power-to-
hydrogen application in the semiconductor industry. The optimal sizing of the RES-based hydrogen production 
system was performed by adopting the Particle Swarm Optimization (PSO) algorithm and the effects of 
different decarbonization targets on the LCOH were investigated by applying the ε-constrain method. The PSO 
algorithm was chosen because its robustness and good convergence speed make it ideal for the design of 
energy systems [6].  

The structure of this works is as follows: Section 2 describes the design methodology and reports the main 
techno-economic input data, Section 3 outlines the case study, Section 4 shows the results and Section 5 
summarizes the conclusions.  

2. Methodology 

2.1. System layout 

The renewable power-to-hydrogen system consists of the following components: the photovoltaic panels (PV), 
the electrolyzer (EL), the compressor (CP), the pressurized hydrogen tank (HT), the grey hydrogen back-up 
system (HBS) and the national electrical grid (GR). The schematic layout of the system is shown in Figure 1. 

 

Figure 1.  Schematic layout of the power-to-hydrogen system. 

 

2.2. Modelling of the components 

The modelling of the components of the power-to-hydrogen system is described below. 

PV system 

The PV power production was evaluated as follows [6]: 

𝑃𝑃𝑉(𝑡) = 𝑓𝑃𝑉 ⋅ 𝑃𝑃𝑉,𝑟𝑎𝑡𝑒𝑑 ⋅ (
𝐺𝑇(𝑡)

𝐺𝑆𝑇𝐶

) ⋅ [1 + 𝛼𝑃 ⋅ (𝑇𝑐(𝑡) − 𝑇𝑐,𝑆𝑇𝐶)] (1) 

where 𝑃𝑃𝑉 (in kW) is the output power of the PV system, 𝑃𝑃𝑉,𝑟𝑎𝑡𝑒𝑑 (in kW) is the rated power of the PV system, 

𝐺𝑇 (in kW/m2) is the incident solar radiation evaluated for the optimal configuration of tilt and azimuth angles ,   
𝐺𝑆𝑇𝐶  (in kW/m2) is the solar irradiance at Standard Test Conditions (STC), 𝑇𝑐  (in °C) is the actual PV cell 

temperature during operation, 𝑇𝑐,𝑆𝑇𝐶 (in °C) is the cell temperature at standard test conditions, 𝛼𝑃 (in 1/K) is 

the temperature coefficient of power, and 𝑓𝑃𝑉 is the derating factor.  

The meteorological data for the estimation of the PV power production were extracted from the Photovoltaic 
Geographical Information System (PVGIS) tool considering the dataset for the Typical Meteorological Year 
(TMY) [7].  

Electrolyzer 

The Proton Exchange Membrane (PEM) technology was considered for the electrolyzer since it offers faster 
dynamic response and wider operating range than the alkaline technology, which results in better 



performances when coupled with variable RES. The nominal efficiency of the PEM electrolyzer was assumed 
equal to 55% and the operating pressure was set to 30 bar. Moreover, a specific modulation range (10-100% 
of the rated power) was imposed to ensure safe and efficient operation of the electrolyzer [6]: 

𝑃𝐸𝐿,𝑚𝑖𝑛 ≤ 𝑃𝐸𝐿(𝑡) ≤ 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑  (2) 

where 𝑃𝐸𝐿 (in kW) is the electrolyzer operating power, 𝑃𝐸𝐿,𝑚𝑖𝑛 (in kW) is the minimum electrolyzer operating 

power and 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 (in kW) is the electrolyzer rated power. 

Hydrogen tank 

A pressurized storage tank is required to cope with the fluctuations in hydrogen production and demand 
throughout the year. A Type-I tank (i.e., made of seamless aluminium or steel) with a maximum storage 
pressure of 200 bar was chosen. In addition, the minimum pressure of the tank was set to 20 bar according to 
the specific requirements of the industrial process.  

The Level of Hydrogen (LOH) in the tank, which is defined as the ratio between the amount of hydrogen stored 
in the tank and its maximum capacity, was evaluated as follows: 

𝐿𝑂𝐻(𝑡) = 𝐿𝑂𝐻(𝑡 − 1) +
𝑃𝐸𝐿(𝑡 − 1) ⋅ Δ𝑡 ⋅ 𝜂𝐸𝐿

𝐿𝐻𝑉𝐻2
⋅ 𝐶𝑎𝑝𝐻2

−
�̇�𝐻2

(𝑡 − 1) ⋅ Δ𝑡

𝐶𝑎𝑝𝐻2

 (3) 

where Δ𝑡 is the time resolution (i.e., 1 hour in this study), 𝜂𝐸𝐿 is the efficiency of the electrolyzer, 𝐿𝐻𝑉𝐻2
 (in 

kWh/kg) is the lower heating value of hydrogen, 𝐶𝑎𝑝𝐻2
 (in kg) is the rated capacity of the hydrogen tank, and 

�̇�𝐻2
 (in kg/h) is the hydrogen flowrate sent to the industrial plant.  

In order to guarantee the correct hydrogen supply to the industrial plant, at any time interval, the following 
constrain has to be met: 

𝐿𝑂𝐻𝑚𝑖𝑛 ≤ 𝐿𝑂𝐻(𝑡) ≤ 𝐿𝑂𝐻𝑚𝑎𝑥 (4) 

The 𝐿𝑂𝐻𝑚𝑖𝑛 can be evaluated as the ratio between the minimum and the maximum pressure storage, while 

𝐿𝑂𝐻𝑚𝑎𝑥 is set equal to 1.  

Hydrogen compressor  

A three-stage intercooled compressor was selected to increase the hydrogen pressure up to the storage tank 
value. The specific energy consumption to pressurize hydrogen from the operating condition of the electrolyzer 
(i.e., 30 bar) up to the maximum storage pressure (i.e., 200 bar) was assumed equal to 4 MJ/kg [8]. 

Grey hydrogen back-up system 

A fossil-based back-up solution was also included in the system. Specifically, a tube trailer with pressurized 
grey hydrogen was considered.  

 

2.3. Energy management strategy 

In order to model the hourly operation of the power-to-hydrogen system over a reference year, an Energy 
Management Strategy (EMS) was implemented. The adopted control strategy sets the operating conditions of 
the system based on the hydrogen demand of the industrial plant and the availability of RES production.  

The EMS starts with the evaluation of the hydrogen demand profile: 

- If the hydrogen demand is higher than zero, the supply intervention has the following priority: first hydrogen 
from the electrolyzer (if electricity is available from RES), then green hydrogen from the pressurized 
storage tank and finally grey hydrogen from the fossil-based back-up system. Specifically, two sub-cases 
can occur: 

o In case of hydrogen demand higher than zero and sufficient electricity from the PV, the electrolyzer 
can be switched on and operated within its modulation range, while the excess power – if any – 
can be exported to the electrical grid. The electrolyzer production can be fed directly to the 
industrial plant or, if the hydrogen demand is exceeded, it can be compressed and stored.  

o In case of hydrogen demand higher than zero and power from the PV not available or not sufficient, 
the deficit must be covered first resorting to the green hydrogen storage and then to the grey 
hydrogen back-up system.  

- If the hydrogen demand is zero, renewable electricity from the PV – if available – is converted into 
hydrogen, which is entirely stored. The excess power, if any, is then sold to the electrical grid. 

 

 

 



2.4. Optimal design  

The optimal design of the power-to-hydrogen system was performed by adopting the PSO algorithm and 
implementing a two-layer approach. According to this methodology, the sizing and dispatch problems are 
decoupled: in the outer loop a potential design solution (i.e., the sizes of the components) is iteratively 
generated by the PSO algorithm, while the operation of the power-to-hydrogen system is managed in the inner 
loop according to the rule-based EMS described in Section 2.2. The optimal design problem was formulated 
and solved in Matlab (r2022b) with a year-long time horizon and an hourly time-step resolution.   

In the PSO algorithm, a population size of 100 was used and both the cognitive and social parameters were 
set to 1.9. The optimization procedure aims to identify the system configuration that minimizes the LCOH while 
satisfying the following constrains on the unmet hydrogen demand (𝑈𝐻2) and the maximum share of grey 

hydrogen in the annual demand (𝐺𝐻2):  

𝑈𝐻2 ≤ 𝑈𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡  (5) 

𝐺𝐻2 ≤ 𝐺𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡  (6) 

Equation (5) represents the constraint on the system reliability and the target of unmet hydrogen demand 

(𝑈𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡) was imposed to zero. Equation (6) defines the maximum share of grey hydrogen (𝐺𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡) that 

can be used in the plant. The 𝐺𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡 term was varied between 100% and 0% to build up a Pareto front 

according to the ε-constrain method [6].  

The LCOH (in €/kg), which represents the objective function to be minimized, is defined as follows:  

𝐿𝐶𝑂𝐻 =
𝐶𝑁𝑃𝐶,𝑡𝑜𝑡

∑
𝑀𝐻2

(1+𝑑)𝑛
𝑁
𝑛=1

 
(7) 

where 𝐶𝑁𝑃𝐶,𝑡𝑜𝑡 (in €) is the total Net Present Cost (NPC) of the system, 𝑀𝐻2
 (in kg) is the annual hydrogen 

demand of the industrial site, 𝑑 is the real interest rate (that includes both the nominal interest rate and the 

annual inflation rate) and 𝑁 is the system lifetime (set equal to 20 years).  

The NPC includes the capital expenditure, the operation and maintenance (O&M) costs and the replacement 
costs incurred over the whole lifetime of the system. The NPC was evaluated as (with 𝑖 = PV, EL, HT, CP): 

𝐶𝑁𝑃𝐶,𝑡𝑜𝑡 = ∑ 𝐶𝑖𝑛𝑣,𝑖

𝑖

+ ∑ (
∑ 𝐶𝑂&𝑀,𝑖,𝑛 + ∑ 𝐶𝑟𝑒𝑝,𝑖,𝑛𝑖 + 𝐶𝑔𝑟𝑒𝑦𝐻2,𝑛  − 𝐶𝐺𝑅,𝑠𝑒𝑙𝑙,𝑛𝑖

(1 + 𝑑)𝑛
)

𝑁

𝑛=1

 (8) 

where 𝐶𝑖𝑛𝑣,𝑖 (in €) is the investment cost (i.e., CAPEX) of the 𝑖-th component incurred at the beginning of the 

project, 𝐶𝑂&𝑀,𝑖,𝑛 (in €) is the operation and maintenance cost of the 𝑖-th component during the 𝑛-th year, 𝐶𝑟𝑒𝑝,𝑖,𝑛 

(in €) is the replacement cost of the 𝑖-th component incurred at the 𝑛-th year (if required), 𝐶𝑔𝑟𝑒𝑦𝐻2,𝑛 (in €) is the 

annual cost due to the purchase of the fossil-based hydrogen and 𝐶𝐺𝑅,𝑠𝑒𝑙𝑙,𝑛 (in €) is the annual revenue for 

selling the surplus electricity to the grid.  

The specific CAPEX of the PV system was assumed equal to 800 €/kW which is in line with the cost of the 
utility-scale projects in Europe [9].  

The specific investment cost 𝑐𝑖𝑛𝑣,𝐸𝐿 (in €/kW) of the PEM electrolyzer was estimated by using a modified power 

law that considers both the plant capacity and the maturity of the technology [10]: 

𝑐𝑖𝑛𝑣,𝐸𝐿 = (𝑘0 +
𝑘

𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑

⋅ (𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑)
𝛼

 ) ⋅ (
𝑉

𝑉0

)
𝛽

 (9) 

where 𝑘0 and 𝑘 are the fitting parameters, 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑  (in kW) is the rated power of the electrolyzer, 𝛼 is the 

scaling factor, 𝛽  is the learning factor, 𝑉  and 𝑉0  are the plant installation year and the reference year, 
respectively. For a more detailed techno-economic assessment, the lifetime of the electrolyzer stack was 
evaluated based on the actual number of operating hours during the year. 

The specific CAPEX of the pressurized tank was set at 500 €/kg, which is in good agreement with the costs of 
Type-I tanks with storage pressure below 250 bar [11]. The specific investment cost of the compressor was 
assumed equal to 1600 €/kW [8]. Finally, a cost of 4 €/kg was considered for the fossil-based back-up solution 
[1]. The main techno-economic input data are summarized in Table 1. 

 



Table 1.  Techno-economic input data. 

Parameter Value Ref.  

PV   

𝑓𝑃𝑉  86% [6] 

𝛼𝑃 -0.003 1/K [6] 

CAPEX 800 €/kW [9] 

O&M (annual) 2% (of the CAPEX)  

Lifetime 20 yr  

Electrolyzer (PEM)   

Efficiency (𝜂𝐸𝐿) 55% [3] 

Modulation range 10-100% (of the rated power) [3] 

Operating pressure 30 bar [3] 

Stack lifetime 40,000 h [6] 

Balance of plant lifetime 20 yr [6] 

𝛼 0.622 [10] 

𝛽 -158.99 [10] 

𝑘0 585.85 [10] 

𝑘 9458.2 [10] 

𝑉0 2020 [10] 

O&M (annual) 3% (of the CAPEX) [6] 

Stack replacement cost 26.7% (of the CAPEX) [6] 

Hydrogen tank   

Maximum pressure 200 bar [3] 

CAPEX 500 €/kg [11] 

O&M (annual) 2% (of the CAPEX) [3] 

Lifetime 20 yr [3] 

Hydrogen compressor   

Specific energy consumption 4 MJ/kgH2 [8] 

CAPEX 1600 €/kW [8] 

O&M (annual) 2% (of the CAPEX) [3] 

Lifetime  20 yr [3] 

Grey hydrogen   

Emission factor for SMR  9.5 kgCO2/kgH2 [12] 

Cost 4 €/kg [1] 

Other assumptions   

Discount rate 4.9%  

Revenue for exported electricity 0.0363 €/kWh  

System lifetime 20 yr  

 

3. Case-study 
A semiconductor production plant located in Southern Europe was considered as a case study. The real hourly 
demand profile over one reference year was used in this analysis. The plant operates continuously throughout 
the year with an average hydrogen demand of about 12.5 kg/h (which is in agreement with other literature 



sources [1]) and a maximum consumption of around 15.5 kg/h. Further details on the demand profile are 
omitted for confidentiality reasons. The total annual hydrogen demand amounts to 110 tons and is currently 
met by a conventional fossil-based solution (i.e., grey hydrogen purchased externally and delivered by trailer).  

 

4. Results and discussion 
The optimal sizing was first performed without imposing any constraint on the 𝐺𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡 and the LCOH resulted 

in 4 €/kg, confirming that fossil-based hydrogen is currently the cheapest solution. However, adopting this 
strategy exhibits severe environmental drawbacks since the production of 110 tons of grey hydrogen generates 
1045 tons of CO2 emissions per year.  

In order to assess the effect of the different decarbonization targets on the LCOH, the design of the energy 
system was then carried out by imposing a constraint on the annual grey hydrogen share, which was gradually 
reduced from 100% to 0%. The main sizing results and economic performance indicators are summarized in 
Table 2. 

By reducing the amount of grey hydrogen that can be used by the industrial plant, the sizes of PV and 
electrolyzer increase significantly. Specifically, the rated capacities of PV and EL rise respectively from 0.68 
MW and 0.27 MW (with 90% grey hydrogen share) to 11.96 MW and 3.3 MW (in the 100% RES-based 
configuration with 0% grey hydrogen share). Despite the considerable increase in the PV size (up to 11.96 
MW), the corresponding footprint is consistent with the available space in the industrial site and the surrounding 
areas.  

Furthermore, the results clearly show that the installation of a hydrogen storage (including hydrogen tank and 
compressor) is not economically convenient for scenarios with a grey hydrogen share higher than 70%. The 
size of the pressurized tank is relatively small (between 19 and 644 kg) when the grey hydrogen share is 
between 70% and 10%, and then sharply increases to 4930 kg when only green hydrogen is considered (0% 
grey hydrogen share).  

 

Table 2.  Main sizing results and economic performance indicators. 

Grey H2 share  
[%] 

PV  
[MW] 

EL  
[MW] 

HT  
[kg] 

CP  
[kW] 

LCOH  
[€/kg] 

CO2 emissions  
[ton/y] 

100% 0 0 0 0 4.00 1045 

90% 0.68 0.27 0 0 4.46 940 

80% 1.32 0.55 0 0 4.77 836 

70% 1.98 0.83 19 7 5.07 731 

60% 2.62 1.10 59 12 5.37 627 

50% 3.23 1.39 101 22 5.66 522 

40% 3.87 1.66 153 30 5.94 418 

30% 4.62 1.94 201 35 6.23 313 

20% 5.63 2.25 369 41 6.67 209 

10% 7.29 2.75 644 50 7.50 104 

0% 11.96 3.30 4930 60 10.85 0 

 

As shown by the Pareto front in Figure 2, the cost of hydrogen ranges from 4 to 10.85 €/kg. Green hydrogen 
appears to be more expensive than fossil-based alternatives, but this solution can be beneficial from an 
environmental perspective since it allows the CO2 emissions to be considerably reduced (up to 1045 ton/y of 
CO2 emissions can be avoided).  

It is worth noting that the LCOH increases evenly up to a grey hydrogen share of 30% – which corresponds to 
a decarbonization rate of 70% – with an LCOH of 6.2 €/kg (Figure 2). In this region, reducing the annual 
consumption of grey hydrogen by e.g., 50%, leads to a saving of 522 tons of CO2 per year and an increase in 
the LCOH (compared to the 100% grey hydrogen scenario) of 41%. At higher decarbonization rates (> 70%), 
the Pareto front shows a steeper slope and increase in LCOH: the transition to a complete decarbonization of 
the energy system (0% grey hydrogen share) indeed leads to an increase in the LCOH of about 170%.  

 



 

Figure 2.  Pareto front between the levelized cost of hydrogen and the grey hydrogen share. 

 

Figure 3 shows the breakdown of the NPC for different values of grey hydrogen share. For values above 50%, 
the purchase of fossil-based hydrogen represents the largest cost contribution (yellow area in Figure 3), while 
for the other scenarios the PV and EL costs have the largest impact. Moreover, it is evident that with the 
transition to lower values of grey hydrogen share, the revenues associated with the surplus electricity exported 
to the grid increase significantly (“Grid export” area in Figure 3) because of the sharp increase in the PV size. 
Finally, it is noteworthy that the storage system is an important cost contribution (20%) in the fully decarbonized 
scenario (0% grey hydrogen share), in which a large tank (4930 kg) is required to ensure a reliable supply of 
green hydrogen throughout the year.  

 

 

Figure 3.  NPC breakdown for different annual grey hydrogen share. 

 

 

 



5. Conclusions 
This study aimed at assessing the techno-economic feasibility of decarbonizing a semiconductor industry by 
exploiting green hydrogen. The optimal sizing of the renewable power-to-hydrogen system was carried out by 
adopting the PSO algorithm in a two-layer optimization approach. Different decarbonization targets (i.e., 0% 
to 100%) were investigated and the LCOH resulted in the range between 4 and 10.85 €/kg. Producing green 
hydrogen proved to be more expensive than conventional fossil-based solutions but it can effectively reduce 
CO2 emissions. The resulting LCOH-𝐺𝐻2,𝑡𝑎𝑟𝑔𝑒𝑡 Pareto front shows two distinct regions: the reduction of grey 

hydrogen share from 100% (current scenario) to 30% - corresponding to a decarbonization rate of 0% to 70% 
– follows a smooth trend with an LCOH increase from 4 to 6.2 €/kg (first region). Higher decarbonization rates 
(> 70%, second region) instead lead to a steeper increase in the LCOH, reaching 10.85 €/kg in the completely 
decarbonized scenario (0% grey hydrogen). In the scenarios with a grey hydrogen share above 50%, the 
purchase of grey hydrogen represents the main contribution of the NPC, while in the other scenarios PV and 
EL provide the largest shares. In the fully decarbonized configuration, the size of the storage system increases 
significantly, as it has to ensure the supply of green hydrogen throughout the entire year and reaches a share 
of 20% share of the overall NPC.  

In conclusion, renewable power-to-hydrogen system does not represent the most cost-competitive solution, 
from an economic point of view, to provide hydrogen to the industrial plant. However, the profitability of the 
RES-based configuration can be significantly boosted when considering also the environmental benefits (i.e., 
CO2 emission savings) generated by replacing the conventional grey hydrogen supply with the low carbon 
one. In addition, both the costs of photovoltaic and electrolyzer technologies are expected to decrease in the 
coming years, and this reduction could enhance the competitiveness of green hydrogen for industrial 
applications. In a future work, a sensitivity analysis on the main economic parameters will be carried out in 
order to identify the conditions in which green hydrogen can achieve the cost-parity with the current fossil-
based supply.  

 

Nomenclature 

CAPEX Capital Expenditures 

CP Compressor 

EL Electrolyzer 

EMS Energy Management Strategy 

GR Grid 

HBS Hydrogen Back-up System 

HT Hydrogen Tank 

LCOH Levelized Cost Of Hydrogen 

LOH Level of Hydrogen 

NPC Net Present Cost 

O&M Operation and Maintenance 

PEM Proton Exchange Membrane 

PSO Particle Swarm Optimization 

P-t-H Power-to-Hydrogen 

PV Photovoltaic 

RES Renewable Energy Sources 

SMR Steam Methane Reforming 

TMY Typical Meteorological Year 
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Abstract: 

This article proposes a methodology to quantify the flexibility potential of a district heating network. By 
"flexibility potential" is meant here the degree of freedom in combining and controlling the energy units of a 
district heating network in order to meet a target demand. This potential has been modelled as the logarithm 
of the available combinations (or configurations), like the Shannon/Boltzmann entropy in statistical mechanics. 
The methodology produces a set of four entropy-inspired indicators. The first two, called "structural" and 
"operational" flexibility, are proportional to the number of available combinations of energy units and their input 
and output thermal powers, respectively. The other two indicators are the "effective" counterparts of structural 
and operational flexibility, and indicate the extent to which a given demand profile exploits the overall flexibility 
potential of a district heating network. The methodology takes into account the different sources of flexibility 
related to heat production, (de)storage, dissipation or diversion, as well as load adjustment techniques 
(demand management). Given its scaleless and dimensionless formulation, the methodology can be applied 
to energy systems of any size or energy type. The methodology is presented with the open-source tool used 
for the calculations and an illustrative example. 

Keywords: 

District heating, District heating networks, Energy flexibility, Operational flexibility, Thermodynamics, Entropy. 

1. Introduction 
The phenomenon of flexibility has been a source of many definitions and ambiguity in many fields of research. 
With respect to energy networks in the broadest sense, the International Energy Agency gave a first formal 
definition of "flexibility" in 2011: the ability of an energy system to react to temporal changes in energy 
production and demand [1].  

The first active research on the subject of energy flexibility focused on power systems. The trigger for such 
issues was the decarbonization of these networks [2], which often leads to the inclusion of renewable sources 
in the energy mix [3], e.g., solar or wind power. Thus, possible sources of flexibility in electricity networks have 
been identified for a long time [4].  

Although the question of flexibility in heat networks came later, several sources of flexibility have already been 
identified in the past, often with the intention of bringing flexibility to electricity networks [5]. The classical 
approach is to implement thermal energy storage, which can consist of centralized [6] or decentralized [7] 
collective physical storage units, or the use of the thermal inertia of the network itself [8], although the latter 
approach has its limitations in new generation (low temperature) networks [9]. Other approaches consist in 
controlling water flows [10] or their temperatures [7]. 

Thermal networks are generally considered as a way to increase the flexibility of electrical networks. For 
example, power-to-heat (P2H) systems increase flexibility because they allow excess electricity generated by 
PV panels to be converted into heat [11]. It is perhaps because of this "grid support" role that research on their 
intrinsic flexibility is less advanced. In addition, it is often evaluated indirectly, through a host of indicators that 
are related to flexibility: the ratio of renewables in the energy mix [12]; operational maps expressing the 
relationship between active and reactive power in an electrical network [13]; operational maps linking combined 
heat and power production in CHP units to the interface between electrical and thermal networks (see Fig. 5 
in [9]); or the economic cost of improving flexibility, e.g., through better control devices [14]. 

While all the above approaches are useful and interesting, the authors of this paper believe that the field of 
heat networks lacks explicit and quantitative flexibility indicators. Similarly, the diversity of available energy 
units is an important source of flexibility, both for the design and the management of networks, yet it is not well 
known [15] and apparently lacks quantitative indicators. Finally, the authors also believe that efforts are needed 
to propose indicators that are decoupled from annual simulations and other indicators such as economic ones, 
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as these two factors prejudge the control strategy. Only when dedicated flexibility indicators with their own 
formulation and magnitude (or even units) are available, can network flexibility be accurately analyzed. 

This article proposes an interpretation of flexibility inspired by the notion of entropy in statistical mechanics. 
That is, flexibility is understood as the logarithm of the possible combinations between the different energy 
units of a network. This notion is broken down into combinations of units (so-called "structural" flexibility) and 
combinations in the management of units (so-called "operational" flexibility). An explicit and non-dimensional 
indicator, proportional to the number of combinations, is proposed for each declination. The analysis allows to 
take into account controllable or non-controllable production units (renewables), thermal storage (physical unit 
or grid inertia), consumption or thermal dissipation, or demand-side management (DSM). 

The paper is structured as follows: Section 2 describes in detail the method and the calculation of the 
indicators; Section 3 presents an illustrative case with its results and analysis; Section 4 discusses several 
aspects of the method that could be improved; and Section 5 summarizes the most relevant insights about the 
method and the illustrative case. 

2. Materials and method 

2.1. Hypotheses and data pre-treatment 

This methodology is based on the first order thermodynamic analysis, and thus on the following assumptions 
and postulates: 

▪ The system is in pseudo-permanent regime. Dynamic considerations are not taken into account. When the 
user declares a thermal unit, they must make sure that it can deliver heat at the exact moment required by 
the end-users. Any temporal mismatch due to ramp-up or ramp-down times, or inertia in general, must be 
ruled out before supplying a unit’s thermal power range to the method. Taking into account temporal 
variability is a perspective for the authors, that will be treated in later researches. 

▪ All units considered in the analysis are capable of producing heat at the temperature required by the 
demand profile. Issues related to temperature mismatch are not modelled. When the user declares a 
thermal unit, they must make sure that it can deliver heat at the temperature required by the end-users. 
Any decrease in temperature due to transport losses or heat exchange must be discounted from the unit’s 
thermal output before supplying this information to the method. 

▪ Spatial considerations are not taken into account. When the user declares a thermal unit with a power 
range, they must make sure it is the power range that the unit can deliver on the end-user side. Therefore, 
any heat losses due to transport must be discounted from a unit’s power output before supplying this 
information to the method. 

▪ Head loss along pipes is neglected. 

The different sources of flexibility in a network are modelled as thermal power ranges. Table 1 shows how 
equivalence can be established for different flexibility sources. 

Table 1.  Equivalent thermal units considered by the method, with their interpretations and some examples. 

Equivalent Thermal Unit Interpretation Example of a real unit 

Adjustable production A production unit whose thermal power output 
can be adjusted by its operator. 

Biomass boiler 

Non-adjustable production A production unit whose thermal power output 
cannot be controlled by its operator. 

Solar thermal collector 
field 

Storage/de-storage Any means of accumulating heat. It can be a 
physical unit or a management technique. 

Thermal storage tank 
 

Dissipation/Diversion To displace heat outside of the system’s 
boundaries. 

Heat dissipation by 
aerothermal units. Heat 
exports to another 
aggregator. 

Demand-Side Management To act upon the demand profile in order to modify 
it for a better matching with the available thermal 
productions. 

Using reward 
mechanisms in order to 
direct users’ energy 
consumption to target 
periods of the day. 

 

2.2. Underlying concept of the method 

The indicators proposed in this article are inspired by the notion of entropy. In thermodynamics, if all possible 
configurations of a thermodynamic system have the same probability of existing, entropy is determined through 
Boltzmann’s formula: S = ln(Ω). The authors of this article took inspiration on that approach, and suggest the 
concept of ‘combinatorial multiplicity’ in order to analyze the flexibility of district heating networks.  



 

Combinatorial multiplicity (Ω), an analogy to thermodynamic multiplicity, is understood as the number of 
possible ways to operate the units of energy in a district heating network given an external constraint. In this 
article, the external constraint is a thermal power demand. 

The authors implemented this concept of flexibility through two approaches. One, called "structural flexibility", 
relates to the number of possible combinations of energy units that satisfy the demand. The other, called 
"operational flexibility", is related to the number of combinations of thermal energy outputs within the combined 
energy units. Figure 1 summarizes the two approaches visually, and the following subsection explains the 
calculation procedure in a formal and detailed manner. 

 

Figure 1.  Flexibility potential assessment with a combinatorial approach inspired by the concept of entropy: 
structural flexibility (down, left) and operational flexibility (down, right). 

 

2.2. Structural flexibility 

Let us consider a heating network equipped with N equivalent units from the list provided in Table 1. The 
minimum and maximum heat outputs of the network are the sum of the minimum and maximum specific heat 
outputs of all units (1). 

�̇�𝑁
Ϯ

= ∑ �̇�𝑛
Ϯ𝑁

𝑛=1                 〈Ϯ = 𝑚𝑖𝑛, 𝑚𝑎𝑥〉    (1) 

For the flexibility analysis, the global control step of the network has been defined as the greatest common 
divisor of the control steps of all units (2). This global control step, together with the global minimum and 
maximum power, determines the operating range of the network (3). 

Δ�̇�𝑁 = 𝑔𝑐𝑑(Δ�̇�𝑗=1, … , Δ�̇�𝑗=𝐽)    (2) 

𝑄𝑁 ∈ [�̇�𝑁
𝑚𝑖𝑛 ∶  Δ�̇�𝑁  ∶ �̇�𝑁

𝑚𝑎𝑥]     (3) 

The structural flexibility is evaluated over this operating range, power by power. All possible combinations of 
units are considered, from 1 to N selected units. For each combination of units, if the requested power is well 
within the combined operating range, the number of local configurations at that power (Ω𝑞

𝑠𝑡) increases (4). 

∀ 𝑄 ∈ 𝑄𝑁 𝑎𝑛𝑑 ∀ 𝑠𝑡 ∈ 𝐶𝑠𝑡                   𝑖𝑓 𝑄 ∈ 𝑄𝑠𝑡  ⟹ Ω𝑞
𝑠𝑡 = Ω𝑞

𝑠𝑡 + 1    (4) 

The overall structural configuration number (Ωst) is the sum of all local structural configuration numbers over 
the operating range of the network (5). Because all combinations are assumed to be equiprobable, the 
structural flexibility is determined by a parallelism of the Boltzmann equation (6).  

Ω𝑠𝑡 = ∑ Ω𝑞
𝑠𝑡

𝑞      (5) 

𝐹𝑠𝑡 = 𝑙𝑛(Ω𝑠𝑡)     (6) 

A value of Fst = 0 indicates a choke point, i.e., a thermal power demand that no structural combination of energy 
units can satisfy. An Fst of one indicates a structurally rigid point, i.e., only one structural combination can 
satisfy the demand. Note that a combination does not necessarily mean a single unit; it can be a combination 
of several units. An Fst greater than one means that the network is structurally flexible, i.e., several 



 

combinations of units can meet the demand. The higher the Fst value, the more flexible the network is. These 
considerations apply to both local and global flexibilities. 

2.3. Operational flexibility 

Operational flexibility is concerned with the combinations of driving units, rather than the combinations of units. 
Indeed, often the same combination of units can be driven in different ways to satisfy the same demand. The 
number of operational configurations is determined in a similar way to the structural one, with one difference: 
each valid combination of thermal outputs counts (7). 

∀ 𝑞 ∈ 𝑄𝑁  ^ ∀ 𝑐𝑠𝑡 ∈ 𝐶𝑠𝑡                   ∀ 𝑞𝑠𝑡 = 𝑞 ⟹ Ω𝑞
𝑜𝑝

= Ω𝑞
𝑜𝑝

+ 1    (7) 

A valid combination is one that satisfies the power demand even with overproduction, provided that the 
overproduction can be managed (i.e. stored or dissipated). It is important that there is no unmanaged 
overproduction. Operational flexibility is the logarithm of the number of operational configurations (8 and 9). 

Ω𝑜𝑝 = ∑ Ω𝑞
𝑜𝑝

𝑞      (8) 

𝐹𝑜𝑝 = 𝑙𝑛(Ω𝑜𝑝)     (9) 

The structural and operational analyses, applied over the entire operating range of a network as defined by 
(4), lead to two distributions of flexibilities (structural and operational). Structural flexibility and operational 
flexibility provide non-redundant information with respect to each other. Structural flexibility does not take into 
account whether the units operate at their limits (upper or lower). Hence the need to define operational 
flexibility. Both give rise to different distributions of multiplicity, and their maximum will often be reached at 
different thermal powers. When combined, they make it easier to forecast choke points in the operation of a 
district heating system.  

For clarity, a calculation example of both flexibilities is offered in Fig. 2. Let a district heating network feature 
three different thermal units. Each one has its own adjustable operating range. Then, the network is faced to 
a thermal power demand that falls within its production range. It is probable that the demand can be covered 
by combining the production units in different ways. Here, the term ‘combination’ is understood as ‘operating 
one or multiple thermal units simultaneously’. Following this logic, structural flexibility considers how many 
combinations of units can cover the demand at least once. Operational flexibility considers how many different 
ways of operating the units exist in order to cover a demand. In operational flexibility, every valid combination 
counts. In structural flexibility, every valid combination of units counts only once, independently of its number 
of valid operational combinations (see Fig. 2).  

 

Figure 2.  Calculation example of structural and operational multiplicities. 

Let readers note that in order to count as a valid solution, a combination must satisfy the demand exactly. This 
logic applies in both structural and operational flexibility analyses. Therefore, in structural analysis, it is not 
sufficient that the demand be within a combination’s aggregated operating range. The structural combination 
must have at least one operating point where the thermal power output equals the demand exactly. This means 
that the discretization of thermal power ranges is an important point of the methodology. This aspect is 
discussed in section 4. 

2.3. Dedicated open-source Python tool for the calculations 

An open-source tool has been written in Python 3.9 for the implementation of the methodology and the 
calculation of the illustrative case presented in section 3. The tool allows to introduce a series of lists to declare 
the equivalent energy units in the system (adjustable production, non-adjustable production, storage, 
dissipation or DSM). Lists are used to declare unit names, operating ranges, and operating steps. Prohibited 
combinations of units may also be declared, in case the practical constraints of the case study do not allow 
the simultaneous operation of certain units. Then the tool starts with a routine to check the correctness of the 
input data (for example, that the operating steps are consistent with the operating ranges). After this check, a 



 

dictionary of unit combinations is created and purged of all user-defined forbidden combinations. Then, the 
tool uses several "for" loops and "if" statements to analyze each combination and check if it complies with the 
energy balance and if it corresponds to a target demand value. If so, this combination is considered flexibility. 
The target value can be 1) either a user-defined request; 2) or each stage of operation of the neighborhood 
network as a whole, if the user requires a complete distribution of flexibility. After this process, the tool creates 
a dictionary of valid combinations and calculates flexibility indicators. After the whole process, the tool returns 
the numerical values of the flexibility for the network and plots the distributions of the structural and operational 
flexibilities (i.e., the figures presented in section 3). The tool is encoded in UTF-8 and requires the "itertools", 
"matplotlib" and "numpy" packages. 

3. Results for an illustrative case 
The previous section described innovative indicators of structural and operational flexibilities and how to 
evaluate them. This section shows how to apply the methodology and perform a detailed flexibility analysis of 
a heat network. For this purpose, a simple illustrative example has been developed to show all important 
information in the flexibility analyses. Readers are reminded that the actual output of this article is the 
methodology itself, not this illustrative example. 

3.1. System description and input data 

The illustrative example consists of a heat network with 6 units (Table 2). As a reminder, these are equivalent 
units, which can represent physical devices, a complete process/machine or an energy management 
technique. 

 

 

Figure 3. Schematical representation of the illustrative case. 

Table 2.  Equivalent thermal units considered in the illustrative case. 

Unit name Real unit Equivalent thermal unit Operating range 

P-01 Biomass boiler Adjustable production [0, 2, 3] MW 
P-02 Heat pump Adjustable production [0, 3, 4] MW 
P-03 Heat import Adjustable production [0, 14, 15] MW 
NP-01 Solar collector field Non-adjustable production [0, 6] MW 
D-01 Aerothermal dissipation Dissipation/Diversion [-1, 0] MW 
S-01 Thermocline storage unit Storage/De-storage [-1, 0, 1] MW 
DSM Tariff-incentivized modification of 

users’ consumption patterns 
Demand Side Management [Demand -1, 0, 

Demand +1] MW 

 

3.2. Analysis of structural and operational flexibility 

Figures 4 and 5 show the so-called structural and operational flexibilities distributions, respectively. Both are 
to be represented on the aggregated power range of the network (x-axis). In this example, the lower bound (-
3 MW) corresponds to 0 MW generated (P-01, P-02, P-03), 1 MW stored (S-01), 1 MW dissipated (D-01) and 
1 MW shed (DSM). The upper bound (+24 MW) corresponds to 22 MW generated (P-01 = +3 MW, P-02 = +4 
MW, P-03 = +15 MW), 1 MW de-stored (S-01) and 1 MW anticipated (DSM). 



 

 

Figure 4.  Flexibility distributions over full demand range: a) Structural flexibility, b) Operational flexibility. 

The y-axis represents local flexibility at each power, determined by the methods described in Sections 2.2 
(structural) and 2.3 (operational). The contribution of the generation units (green bars) is represented at the 
base of the distribution because it does not depend on the other unit types. Then, the dissipation units are 
represented in combination with the production (red bars), because they can only remove from the system 
heat already contributed by other units. The contribution of the storage units is shown in combination with the 
productions and dissipations (orange bars). It depends on a previous production (which could be partially 
dissipated), but also on the state of charge of the storage units. The asymmetric error bars represent the effects 
of the DSM techniques, once the other units are considered. 

Thus, it turns out that the controllable generation units will determine the overall flexibility range to a large 
extent; the other units only expand the flexibility range implemented by the productions. Dissipation widens it 
only to the left, while (de-)storage widens it to the left and to the right. The DSM, rather than providing flexibility, 
shifts demand to other powers, which will be advantageous or not depending on the local flexibility of 
neighbouring powers. 

In this illustrative case, the outputs allow two ranges of flexibility: [2 - 7] MW and [14 - 22] MW, which result 
from all possible combinations between P-01, P-02 and P-03. Then, adding dissipation widens them to 1 MW 
and 13 MW respectively, and allows to reach -1 MW if only dissipation is used. Storage extends the ranges 
further, to -2 MW or 12 MW under load, or to 8 MW or 23 MW under discharge. In addition, the storage load 
would have allowed -1 MW, 1 MW, and 13 MW even with no dissipation. And of course, dissipation and storage 
increase the local flexibility on the powers already covered by the productions. In fact, they include cumulative 
synergies. Quantifying and locating precisely the different synergies is an interesting perspective foreseen by 
the authors. 

The potential effects of DSM (error bars on the y-axis) represent the largest possible change in F in the DSM 
range from a specific power. DSM can shift demand to powers where the local flexibility of the grid would be 
different. For example, the local structural flexibility at 4MW may switch between 1.79 and 2.08, as the DSM 
of +/- 1MW would shift demand to 5MW or 3MW respectively. Both the increase and decrease in flexibility are 
displayed, as the DSM is not always controllable. For example, time-shifted heating requirements often have 
to be made up later. The DSM can give flexibility to certain power demands that are not accessible by other 
units (-3 MW, 9 MW, 11 MW and 24 MW in this example). If a power unit is in a flexibility plateau (e.g., 10 
MW), DSM will have no effect on its flexibility. DSM will not cause flexibility to rise above its overall maximum, 
nor will it cause it to fall below zero. 

Any power that may fall to zero flexibility due to a poorly managed DSM is a potential choke point. Any power 
slice that has zero flexibility, but can be increased by DSM, is a bypassable choke point. Any slice of power 
with zero flexibility without a solution is a hard choke point. 

The effects of non-drivable power generation (e.g., renewables) are displayed in Figures 3 and 4. A non-
drivable generation of 6 MWth has been assumed. This could symbolize, for example, the installation of a solar 
thermal collector field with a peak generation of 6 MWth. The new flexibility distributions are given in Fig. 5. 



 

 

Figure 5.  Flexibility distributions after consideration of renewables (non-adjustable production): a) Structural 
flexibility, b) Operational flexibility. 

As a reminder: non-modulable generation is modeled as a heat input to the network that cannot be modulated 
in power. It must be either used, stored or dissipated. As a result, the two flexibility distributions are shifted to 
the right on the x-axis (see Figures 4a and 4b). While the old distributions went from -3 MW to 24 MW (Fig. 1), 
the new ones go from 3 MW to 30 MW. The old lower bound of -3 MW has been retained in the figure for 
illustrative purposes, but note that there is no flexibility before 3 MW. 

Since non-adjustable heat generation is a "must" unit, there is no freedom to (not) select it. Therefore, this 
does not change the number of possible combinations. Note that there are still 32 combinations of units and 
160 combinations of input/output heat outputs (see Appendix A), as in the previous scenario. The only change 
is that now all possible combinations include non-adjustable generation, and thus have +6 MW of heat output. 

The effect of non-controllable productions may seem harmless, but it is not. When the district network is 
confronted to a demand profile, it will be forced to operate at certain regions of its flexibility distribution. The 
integration of new, non-adjustable thermal productions (like renewables) may completely unbalance the 
flexibility matching of the network. In other words, the effects of renewables on flexibility are difficult to forecast 
even if the network had been well-designed for a demand profile. The methodology presented in this paper 
(and its calculation tool) may be used for early detection of flexibility issues due to changes in the energy mix 
of a territory. 

4. Discussion on the method 

4.1. On the combinatorial approach 

The main advantage of a combinatorial approach is that all possible configurations of the system are taken 
into account. This is the reason why the authors speak of "flexibility potential", instead of "flexibility". A dynamic 
simulation can only give a "circumstantial" idea of the flexibility of a network, because it prejudges the control 
strategy, and therefore may encounter difficulties not necessarily due to the configuration of the network at the 
base. On the other hand, the computation time is the weak point of a combinatorial approach, especially if the 
number of units is higher than 15. 

4.2. On disregarding other performance criteria 

This methodology and its indicators are free of preconceived ideas about optimal management or control 
strategies. Criteria such as energy efficiency, exergy efficiency, economic performance, environmental 
effects... are totally ignored. The methodology does not give less importance to a specific choice of technical 
units according to their abundant need of primary energy, or high implementation costs, or high CO2 
emissions, or long start-up/shutdown times... In fact, none of these parameters are needed as input to the 
model. Any combination that satisfies the demand while respecting the energy balance is an equally valid 
solution. 

Heat quality (temperature) considerations are also very limited. Any solution that meets the final heat demand 
at the requested temperature is valid, regardless of the upstream temperatures. For example, two generating 
units producing heat at 120°C and 50°C respectively, and both meeting heat requirements at 35°C, are also 
valid and important under this methodology. Although higher production temperature may indicate higher 
transmission losses or lower energy efficiencies in substations. In any case, the user must ensure that any 
generation, storage, dissipation or load control unit included in the analysis can satisfy the heat demands at 
the requested temperature. 



 

The methodology does not rule out solutions that may seem counter-intuitive or unreasonable from the 
perspective of first-order thermodynamic analysis. This concerns in particular the overproduction of heat 
followed by the dissipation of the excess. For example, assume a generating unit and a dissipating unit with 
thermal power ranges Q_prod = [0, 1, 2, 3] MW and Q_diss = [-1, 0], respectively. If the demand is Q_dem = 
2 MW, it is equally valid to produce Q_prod = 2 MW or to produce Q_prod = 3 MW and then to dissipate Q_diss 
= -1 MW. The methodology gives equal weight to both possibilities. Any arrangement of units that exactly 
matches the demand is considered flexibility. 

All of these are deliberate choices by the authors, in order to create indicators that focus solely on combinatorial 
flexibility. There are also many methods and tools for multi-criteria analysis of heating networks, with a wide 
variety of criteria. As for counter-intuitive solutions, it is precisely the variety of criteria that justifies not 
discarding them. The optimality of a solution largely depends on the context and the decision criteria. 
Overproduction followed by partial dissipation may seem unreasonable, but it can allow the purchase of 
primary energy at better rates, for example. In this case, it can become economically optimal. If an exploitation 
decision is possible, it can become optimal under certain specific conditions and must therefore be taken into 
account. 

4.3. On discretizing continuous ranges of thermal production 

The discretization of continuous ranges of thermal power is probably the most debatable aspect of this 
methodology. Any thermodynamic system is indeed continuous, and trying to analyze it on finite increments 
may seem too reductionist an approach. The best answer of the authors to this remark at the moment is: 
control. District heating networks are equipped with demand-oriented energy systems and often subject to 
some type of control, often discrete. The thermal powers in this method should be considered as control steps. 

4.4. On applying the method to other types of energy networks 

The methodology, as presented in this article, is intended and more suitable for district heating networks with 
sources of flexibility from this list: thermal energy production (including partial load operation); storage and 
retrieval of thermal energy; dissipation (or diversion) of thermal energy; and any demand management 
techniques that impact thermal energy demand profiles. Only sources of flexibility that can be "translated" into 
thermal power can be modelled. 

Nevertheless, with some data pre-treatment by the user, its applicability can be extended slightly. First, the 
methodology (and the corresponding Python tool) allows to the user to set the parameters. Thermal power 
was used in this article, but electrical power could be used to replicate the analysis for electrical networks. 
Since the methodology is based on balance sheets, the analysis remains consistent as long as the input data 
is consistent. The same could be done with district cooling networks, as long as their sources of flexibility can 
be routed as cooling powers. It could even be applied to gas networks, choosing mass flow rates as units. 

Also, the methodology is not necessarily limited to the district level. As the notion of spatiality is not modelled, 
the methodology can be applied to micro-grids (mW) as well as very large-scale (GW) grids, provided that the 
sources of flexibility are modeled accordingly. 

Furthermore, the sources of flexibility taken into account by the methodology are described in such a generic 
way that they can represent many types of real units/techniques. For example, a conversion unit can be 
modeled as equivalent production and dissipation units. 

The authors are aware that the aforementioned adaptations, although feasible, represent a burden for the 
user. Their future work is to integrate as many of them as possible into the methodology (and by extension, 
into the open-source tool), as new features. 

Using natural logarithms for quantifying these indicators becomes very useful when expanding/connecting 
networks. For example, let us assume that a district heating network is connected upstream with the electric 
grid via electrically-driven mechanical-compression heat pumps. When the heat pumps are implemented, the 
combinatorial multiplicity of the whole system is the product of the combinatorial multiplicities of the grid and 
the district heating network. At the same time, the authors would like the indicator of flexibility to be the sum of 
the flexibilities from the grid and the heating network. Using logarithms allows both addition properties. 

5. Conclusions and perspectives 
The district heating domain lacks explicit and quantitative indicators to describe the flexibility potential apart 
from other performance criteria. In this paper, the authors provide an answer to this deficiency through a 
combinatorial approach. It understands the flexibility potential as the degree of freedom in the selection and 
control (separately or simultaneously) of the energy units of a network in the face of various demands. The 
following findings and perspectives can be highlighted: 

• The method can help in the energy planning of urban energy networks. Namely, it can help anticipate 
potential choke points, or the possible effects of renewable energy deployment on existing networks. 

• It is planned to study the possibility of working with continuous distributions of flexibilities, rather than 
discrete ones. 



 

• It is planned to study the applicability of the method to other energy networks, such as electricity networks, 
district cooling or gas networks. The dimensionless formulation of the method allows (in theory) to extend 
its application. 

• It is planned to define additional indicators, for example an "effective" flexibility that would evaluate to what 
extent a given demand profile exploits the flexibility potential of the requested network. 

The objective is to make the methodology as applicable as possible without putting the burden of data pre-
treatment on the user. 
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Appendix A 
Table A.1 shows the detailed analysis of all possible combinations of units and their thermal powers for the 
illustrative case shown in Section 3 of the main part of the manuscript. DSM was not processed in the 
combinatorics because it is represented on the final distributions of flexibility. 

 

Table A.1. Complete list of structural combinations, and their operating ranges, in the illustrative case. 

 Combined units Thermal power range of each unit involved [MW] 

#1 No units [0] 
#2 ['P-01']  [2.0, 3.0] 
#3 ['P-02']  [3.0, 4.0] 
#4 ['P-03']  [14.0, 15.0] 
#5 ['D-01']  [-1.0] 
#6 ['S-01']  [-1, 1] 
#7 ['P-01', 'P-02'] [[2.0, 3.0], [3.0, 4.0]] 
#8 ['P-01', 'P-03']  [[2.0, 3.0], [14.0, 15.0]] 
#9 ['P-01', 'D-01']  [[2.0, 3.0], [-1.0]] 
#10 ['P-01', 'S-01']  [[2.0, 3.0], [-1, 1]] 
#11 ['P-02', 'P-03']  [[3.0, 4.0], [14.0, 15.0]] 
#12 ['P-02', 'D-01']  [[3.0, 4.0], [-1.0]] 
#13 ['P-02', 'S-01']  [[3.0, 4.0], [-1, 1]] 
#14 ['P-03', 'D-01']  [[14.0, 15.0], [-1.0]] 
#15 ['P-03', 'S-01']  [[14.0, 15.0], [-1, 1]] 
#16 ['D-01', 'S-01']  [[-1.0], [-1, 1]] 
#17 ['P-01', 'P-02', 'P-03']  [[2.0, 3.0], [3.0, 4.0], [14.0, 15.0]] 
#18 ['P-01', 'P-02', 'D-01']  [[2.0, 3.0], [3.0, 4.0], [-1.0]] 
#19 ['P-01', 'P-02', 'S-01']  [[2.0, 3.0], [3.0, 4.0], [-1, 1]] 
#20 ['P-01', 'P-03', 'D-01']  [[2.0, 3.0], [14.0, 15.0], [-1.0]] 
#21 ['P-01', 'P-03', 'S-01']  [[2.0, 3.0], [14.0, 15.0], [-1, 1]] 
#22 ['P-01', 'D-01', 'S-01']  [[2.0, 3.0], [-1.0], [-1, 1]] 
#23 ['P-02', 'P-03', 'D-01']  [[3.0, 4.0], [14.0, 15.0], [-1.0]] 
#24 ['P-02', 'P-03', 'S-01']  [[3.0, 4.0], [14.0, 15.0], [-1, 1]] 
#25 ['P-02', 'D-01', 'S-01']  [[3.0, 4.0], [-1.0], [-1, 1]] 
#26 ['P-03', 'D-01', 'S-01']  [[14.0, 15.0], [-1.0], [-1, 1]] 
#27 ['P-01', 'P-02', 'P-03', 'D-01']  [[2.0, 3.0], [3.0, 4.0], [14.0, 15.0], [-1.0]] 
#28 ['P-01', 'P-02', 'P-03', 'S-01']  [[2.0, 3.0], [3.0, 4.0], [14.0, 15.0], [-1, 1]] 
#29 ['P-01', 'P-02', 'D-01', 'S-01']  [[2.0, 3.0], [3.0, 4.0], [-1.0], [-1, 1]] 
#30 ['P-01', 'P-03', 'D-01', 'S-01']  [[2.0, 3.0], [14.0, 15.0], [-1.0], [-1, 1]] 
#31 ['P-02', 'P-03', 'D-01', 'S-01']  [[3.0, 4.0], [14.0, 15.0], [-1.0], [-1, 1]] 
#32 ['P-01', 'P-02', 'P-03', 'D-01', 'S-01']} [[2.0, 3.0], [3.0, 4.0], [14.0, 15.0], [-1.0], [-1, 1]] 

 

Nomenclature 

C Combinations 

F Flexibility 

𝑔𝑐𝑑  Greatest common divisor 

N Total number of thermal management units in the district heating network being analysed 



 

n n-th energy unit in the district heating network being analysed 

Q Heat, or thermal power range (MW) 

st Structural combination of units (i.e., simultaneous operation of several units) 

T Temperature 

Greek symbols 

∆ step or increment 

∑ summation 

Ω combinatorial multiplicity of the district heating network being analysed 

Subscripts and superscripts 
𝐷 thermal power demand range 

𝑑 thermal power demand 

𝑗 a particular combination (structural or operational) of thermal units in a district heating network 

𝑚𝑖𝑛   minimal 

𝑚𝑎𝑥  maximal 

𝑜𝑝 operational 

𝑠𝑡 structural 
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Abstract: 
Decarbonizing high temperature heat in industrial processes is challenging as there are only few alternative 
fuels to reach the necessary temperatures. In steel mills the material must be heated up to 1250 °C before hot 
rolling of steel. Currently, this energy-intensive step is done in steel reheating furnaces fueled with natural gas. 
Synthetic fuels such as green hydrogen, synthetic methane and green ammonia are possible alternatives for 
substituting the current polluting energy carrier and in many future climate strategies considered as a crucial 
component for achieving greenhouse gas neutrality. In this paper, we present options for on-site production of 
synthetic fuels for steel mills and discuss them by a qualitative approach. Specifically, we investigate hydrogen, 
synthetic methane and ammonia. We consider state of the art technologies and apply them to a real-world use 
case from the steel processing industry in Austria. We point out the benefits of on-site generation of synthetic 
fuels as opposed to external supply in the case of steel mills. Depending on technology, we discuss possibilities 
for heat integration, implementation of carbon dioxide looping and efficiencies of the systems. We highlight the 
significant increase in the demand for electrical energy. Further, we discuss challenges of combustion in 
relation to nitrogen emissions, combustion behavior and effects on steel quality. Our results show hydrogen to 
be advantageous in many aspects when considering a fuel switch in steel mills with on-site generation. But 
also we identify synthetic methane as an interesting option that should be further examined. 
 

Keywords: 

steel processing industry, on-site synthetic fuel production, hydrogen, synthetic methane, ammonia. 

 

1. Introduction 
The use of alternative fuels such as hydrogen, synthetic natural gas (SNG) and ammonia offers significant 
potential for decarbonizing industrial energy systems. These fuels can serve as an energy source for power 
plants or be utilized to produce heat directly for industrial processes. The first stage in generating synthetic 
fuels via the green route involves producing hydrogen from renewable electricity. The conversion of electricity 
into hydrogen is energy- and cost-intensive. Given that the demand for electricity in general will increase 
strongly in the future and given that the availability of renewable electricity is finite, it is crucial to carefully 
evaluate the most appropriate applications for these fuels. For high temperature processes exceeding 
1200 °C, where electrification is not always a viable option, synthetic fuels can provide a suitable alternative 
and should be prioritized for these applications. 

In Austria, the metal industry, particularly steel production, accounted for 61 % of the greenhouse gas 
emissions generated by the entire industrial sector [1]. Hot rolling of steel is one of the major energy consumers 
in the iron and steel production process chain, with energy consumption of around 1.5 to 3 gigajoules per ton 
of crude steel [2]. The main function of the hot rolling mill is to reheat steel blanks, called billets, above the 
recrystallization temperature and roll them thinner and longer through successive rolling stands. The billets 
are heated to about 1250 °C in industrial furnaces, mainly using natural gas as the primary energy source for 
heating [3]. The furnace for heating the billets is the major energy consumer in the rolling process and has a 
big impact on costs and emissions of the product. [2] 

To date, only little literature is available concerning alternative fuels for steel reheating furnaces. Schmitz et al. 
[4] conducted a study on the reduction of CO2 emissions from hydrogen-fired reheating furnaces, which 
considered the electricity generation mix. Their findings indicated a substantial potential for lower CO2 
emissions when compared to natural gas-fired furnaces. Similarly, Johansson [5] examined the economic 
feasibility of using bio-synthetic natural gas (bio-SNG) derived from biomass instead of LPG as a fuel source 



for reheating furnaces. The results of this study indicated that the use of bio-SNG was not economically viable. 
Niska et al. [6] investigated solid biofuels from forest products and found problems arising from ash deposition.  

Potentials and challenges of alternative fuels with on-site generation are not explored. To determine the 
feasibility of on-site synthetic fuel production for steel mills, an evaluation must consider not only quantitative 
results obtained from simulations, but also qualitative factors such as combustion, safety concerns, technical 
feasibility or heat integration. This study seeks to assess the most suitable technologies for different alternative 
fuel productions, specifically hydrogen, SNG and ammonia, based on the aforementioned factors, and to 
identify the factors that influence the suitability of each option. It highlights the potentials and challenges 
associated with on-site generation of synthetic fuels and demonstrates the circumstances under which on-site 
generation is viable. 

 

2. Use Case 
A company from the steel processing industry located in Styria, Austria, serves as a use case. The steel mill 
processes delivered steel billets through hot-rolling, heat-treatment and mechanical processing. The main 
product is peeled bar steel for the automotive industry. The billets are heated to a rolling temperature of about 
1250 °C using a walking hearth furnace powered by natural gas. The furnace is heated by numerous top and 
side burners, which enable homogeneous heat transfer along the length and width of the furnace.  

The steel mill typically operates for one or two eight-hour shifts during weekdays, Monday through Friday. 
During idle times, the walking hearth furnace is ramped down to a user-defined temperature. The energy 
demand for the steel reheating is about 360 kWh per tonne steel. Detailed process control data of the furnace 
are available. The steel mill is located in a residential area and due to the presence of an outdated electric arc 
furnace, the maximum power connection to the steel mill is 30 MW. 

 

3. Concepts for on-site generation of synthetic fuels 
In this section, we investigate various options for on-site generation of synthetic fuels such as hydrogen, SNG 
and ammonia, and provide an in-depth analysis of the associated technologies, storage methods, combustion 
processes, influence on steel quality, safety considerations, costs and efficiencies. By presenting a 
comprehensive overview of these important factors, we aim to explore the potentials and challenges of on-site 
generation of these alternative fuels for steel mills. 

 
3.1. Option 1: Hydrogen 

The production of green hydrogen involves the electrolysis of water to split it into hydrogen and oxygen gases. 
Renewable electricity is used to power the electrolysis unit. There are three main electrolysis technologies 
available: alkaline water electrolysis (AWE), polymer electrolyte membrane (PEM) electrolysis and solid oxide 
electrolyzer cell (SOEC). These technologies differ in various aspects, such as their dynamics, efficiency, 
temperature and pressure levels, technological advancements, and lifetime. AWE are the most advanced 
electrolysis technology, but they cannot respond well to load changes. Response to load changes are the main 
advantage of PEM. SOEC is a high temperature electrolysis which can be coupled with an excess heat source. 
This results in a high efficiency; however, SOEC technology is still in development stage. [8] [9] 

Storage of hydrogen is crucial for on-site generation and mainly serves to decouple the operation of electrolysis 
and steel reheating. Storage of hydrogen presents challenging problems due to its light weight and gaseous 
nature. Several hydrogen storage options are available, including compressed gas storage, liquefaction, 
absorption (metal hydrides) and adsorption storage. Liquefaction of hydrogen demands a high amount of 
energy, approximately 30 to 40 percent of the energy content of hydrogen [9], and is mostly used for high-
purity applications in the chemical industry and aerospace applications [10]. Absorption storage have low 
sorption and desorption kinetics and cannot be operated very dynamically. Adsorption storage operate at very 
low temperatures and require a lot of energy. [9] Therefore, compressed gas storage is considered the most 
suitable for our specific use case. 

Compressed hydrogen storage systems can operate at pressures up to 700 bar, which requires the use of 
compressors to attain the required ultimate pressure. The process of compressing hydrogen also causes a 
significant amount of energy consumption, equivalent to 13-18 percent of the lower heating value of hydrogen. 
[9]. Furthermore, the negative Joule Thomson effect of hydrogen must be taken into account. During 
compression, hydrogen undergoes a cooling effect, which raises concerns regarding the potential for pressure 
vessel materials to be damaged if the temperature drops too low. Conversely, when hydrogen is relaxed, it 
undergoes a warming effect [11]. 

Figure 1 shows the layout of an on-site hydrogen generation system. The setup includes an electrolysis unit, 
a compressor, hydrogen and oxygen storage and a reheating furnace. The oxygen produced as a byproduct 



during electrolysis is also stored and can be utilized for combustion. Moreover, the steel reheating furnace 
produces excess heat. 
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Figure 1. System hydrogen. 

 

Hydrogen is well suited for generating high temperature heat due to a high flame temperature. However, there 
are significant differences between the combustion of hydrogen and natural gas. Due to its higher flame 
temperature, less fuel is required to generate the same amount of heat, resulting in less combustion air needed 
and lower convection within the combustion chamber. This must be considered in the process control when 
operating the furnace. [12] 

Hydrogen can be burned with either air or oxygen. Combustion with air results in higher NOx emissions 
compared to natural gas combustion because the higher flame temperature (~2000 °C) produces more thermal 
NOx. Combustion with oxygen leads to lower energy input (approximately 30 %) and no NOx emissions; 
however, safety concerns regarding explosions and even lower convection due to the higher flame temperature 
(~2700 °C) make it challenging. Moreover, adaptation of the furnace is more expensive. [13] [12] [14] 

Safe use and handling of hydrogen poses some unique challenges. Easy leaking, low ignition energy and 
possible damaging influence of equipment materials must be taken into account [10]. Scale formation on steel 
billets increases by 12 percent [15].   

 
3.2. Option 2: Synthetic natural gas 

Two main processes to produce synthetic natural gas (SNG) are catalytic methanation (CM) and biological 
methanation (BM). Methanation is a chemical reaction in which hydrogen and carbon dioxide and/or carbon 
monoxide, are converted into methane and steam with the aid of a catalyst or microorganisms. Catalytic 
methanation uses various metals as catalysts while biological methanation uses microorganisms as catalysts. 
Equation (1) shows the reaction equation for the synthesis of SNG: 

𝐶𝑂2 + 4 𝐻2 ↔ 𝐶𝐻4 + 2 𝐻2𝑂 (1) 

The CM unit typically operates within the temperature range of 300 to 550 °C and at a pressure of 
approximately 10 bar. The exothermic reaction involved in catalytic methanation generates a substantial 
amount of heat. The fixed-bed regenerator is the most commonly used reactor type for this process. In contrast, 
the biological methanation process operates at lower temperatures of 30 to 70 °C and at pressures ranging 
from 1 to 10 bar. Generally, larger reactor sizes are required to achieve high conversion efficiency. Both CM 
and BM units have good load response characteristics, although CM has a minimum load requirement of 40 
percent and must maintain a standby temperature of 200 °C. The efficiency of the CM unit can be improved 
through heat integration. The catalyst used in CM is sensitive to impurities, whereas microorganisms utilized 
in BM are generally less sensitive. [16] 

Figure 2 illustrates the arrangement of the system for SNG production. The SNG system consists of several 
components, including electrolysis, hydrogen and oxygen storage, methanation unit, and SNG storage. In 
addition, a carbon capture system is installed, which consists of an absorber and desorber. The CO2 separated 
from the flue gas is utilized for the methanation unit. Prior to absorption, the flue gas must undergo cooling 
through a heat exchanger, which generates excess heat. Oxygen can also be stored and utilized for 
combustion. 

As previously mentioned, catalytic methanation produces excess heat, which can be employed for high-
temperature electrolysis. The excess heat generated from the furnace can be utilized for the standby mode of 
the catalytic methanation unit or for high-temperature electrolysis utilizing SOECs. The excess heat produced 
during the operation mode of catalytic methanation can be also used for high-temperature electrolysis. Overall, 
the SNG system with carbon capture has the potential to utilize excess heat generated during various stages 
of the process to improve its overall efficiency. However, due to the two conversion steps involved, the process 
efficiency is lower, and additional space is required for the extra unit. 
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Figure 2. System SNG. 

It is assumed that the combustion of SNG is similar to combustion of natural gas, and therefore no 
modifications to the furnace or process control are necessary. 

SNG storage is less challenging than hydrogen storage due to the higher energy content per unit volume. 
Existing infrastructure for storage and pipeline transportation can be used for SNG. The pressures required for 
storage are significantly lower, resulting in negligible energy demands for storing SNG. Furthermore, lower 
storage pressures imply less strict safety requirements. The quality of steel and scale formation is not expected 
to differ significantly between natural gas and SNG. 

 
3.3. Option 3: Ammonia 

Ammonia today is mainly used for fertilizer, but is it an interesting option as an energy source for the future. 
Due to the high flame temperature, it is practicable to generate high temperature heat. Its main advantage is 
the easier storage of ammonia compared to hydrogen. For green ammonia, firstly hydrogen is produced 
through an electrolysis, additionally nitrogen is produced through an air separation unit and then hydrogen and 
nitrogen are processed into ammonia with the Haber Bosch process, according to Eq. (2): [17] 

𝑁2 + 3 𝐻2 ↔ 2 𝑁𝐻3 (2) 

More recently, ammonia is discussed as a fuel for generating heat for industrial applications. In the shipping 
sector it is seen as a promising alternative due to its stability and low transportation costs. However, ammonia 
combustion has disadvantages, including low burning velocity and high fuel nitrogen oxides production. To 
mitigate these issues, a blend of hydrogen or methane with ammonia can be used. Increased hydrogen 
proportion in the fuel mix leads to an increase in burning velocity, but also more NOx emissions. However, 
adding methane to the mix not only increases the burning velocity but also reduces the NOx emissions, making 
it a viable alternative.[18] [12] 

Figure 3 shows the layout of the system ammonia. It consist of an electrolysis unit, hydrogen and oxygen 
storage, Air separation unit, Haber Bosch plant, ammonia storage and a reheating furnace. Excess heat is 



generated by the Haber Bosch unit as well as by the reheating furnace. As combustion of ammonia with pure 
oxygen is not performed, the obtained oxygen is not used within the system.  
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Figure 3. System Ammonia. 

 
 
 
3.4. System specifications 

While the focus of this paper is on qualitative comparison and analysis, basic evaluations of efficiencies, 
investment costs, and specific energy demand were also performed to provide a comprehensive overview of 
the subject and provide valuable insights. Consequently, Table 1  presents the summarized values for 
investment costs and efficiencies, which were utilized in further calculations.  

 

Table 1. Investment costs and efficiencies of all components of the systems. [19]–[23]  

Component  CAPEX Efficiency, % 

AWE 1400 €/kWel 0.65 
PEM 1800 €/kWel  0.63 
SOEC 2700 €/kWel  0.81 
Compressor + H2 storage 33 €/kWhH2  0.85  
Hydrogen burner 63.32 €/kWtherm - 
Catalytic methanation 750 €/kWSNG 0.75*, 0.8** 
Biological methanation 1050 €/kWSNG 0.78*, 0.9** 
SNG storage 33 €/kWhSNG  1 
CO2 storage 33 €/kWh  1 
Carbon capture system 40 €/tCO2  
Ammonia plant (ASU, 
Haber Bosch, NH3 
storage) 

850 €/tNH3 0.85 

*in relation to the calorific value, **conversion efficiency 

 

For calculations of the investment costs, the approximate capacities of the plants were determined through a 
small optimization problem (MILP) using data from our use case. These capacity sizes are summarized in the 
Table 2 were used for further calculations. In the case of SNG and ammonia, the hydrogen storage serves as 
a buffer between electrolysis and methanation unit and is smaller than the storage of the hydrogen system.  

 

Table 2. Capacities of the plants. 

Plant  System hydrogen  System SNG System ammonia 

Electrolysis output 7 MW 8.75 MW 8.25 MW 
Hydrogen storage size 35 MWh 10 MWh 10 MWh 
Methanation output - 7 MW - 
SNG storage size - 35 MWh - 
Haber Bosch output - - 7 MW 
NH3 storage size  - - 35 MWh 

 

 



4. Evaluation of concepts for alternative-fuel production 
4.1. Qualitative discussion  

There is no one-size-fits-it-all solution for substituting natural gas in steel mills. The suitability of the different 
alternative options depends on various factors. Important factors are space availability, location of the steel 
mill, environmental regulations, maximum power connection, integration of renewable energies, production 
schedule and energy demand for production. All these aspects will be discussed in the following.  

 

The preconditions for on-site generation concepts include the sufficient space, a power connection capable of 
providing at least the same amount of power as the electrolysis unit, and the infrastructure to store hydrogen 
safely on premise. Additionally, integration with the company's renewable energy sources is advantageous. 

For all alternative fuel options, out of the three electrolysis concepts, the Solid Oxide Electrolysis Cell (SOEC) 
exhibits the highest theoretical efficiency due to the availability of excess heat from the reheating furnace, 
which is at approximately 800°C without air preheating. However, the technology readiness level of SOEC 
remains below that of Proton Exchange Membrane (PEM) and Alkaline Water Electrolysis (AWE). 
Furthermore, SOEC typically operates at a constant level, so it depends on the scheduling of the rolling mill 
and energy prices. The suitability of PEM electrolysis depends on the operation of the electrolyzer, which may 
require dynamic operation due to fluctuating renewable energies, energy prices or irregular production 
schedules. AWE, even though the most advanced electrolysis technology, is likely unsuitable for this particular 
application due to a lower efficiency and static operation. 

Hydrogen: When considering hydrogen as a fuel for steel reheating furnaces, on-site generation presents 
several advantages. First, it eliminates the challenges associated with hydrogen transport. Additionally, the 
production of oxygen as a byproduct of the electrolysis process prevents the need for costly external oxygen 
supply. Oxygen use enables more energy-efficient production and reduces the required capacities for 
electrolysis and hydrogen storage. However, utilizing oxygen for combustion requires more extensive 
modifications to the furnace compared to air combustion. Nevertheless, existing steel reheating furnaces can 
be retrofitted for the use of hydrogen. Further, additional adaptations for process control and investigations of 
scale formation and steel quality are required. Using hydrogen as a fuel in steel reheating furnaces does not 
produce CO2 emissions, as long as electricity is obtained from renewable sources.  

SNG: Due to the two conversion steps involved, the process efficiency is lower, and additional space is 
required for the extra methanation unit. Nevertheless, the easier handling of the fuel and its combustion 
behavior, which is very similar to natural gas, represent the main benefits of this approach. The SNG system 
does not necessitate any modifications to the furnace or process control, and the quality of the steel and scale 
formation remain the same.  

The SNG system, coupled with carbon capture, has the potential to utilize excess heat generated during 
various process stages to improve its overall efficiency. To evaluate the performance of the SNG concept, 
simulations that take heat integration into account are necessary. The performance of the SNG system 
primarily depends on production capacity and schedule, which enables efficient heat integration. In addition, 
the oxygen produced by the electrolysis can be utilized for combustion, representing another advantage of the 
on-site generation concept. When comparing catalytic and biological methanation, the latter method has the 
advantage of being less sensitive to CO2 source impurities; however, the reactor needs more space. 

Ammonia: The use of ammonia combustion for industrial applications, including steel reheating furnaces, 
remains largely unexplored. Also, there is a lack of research investigating the effects of ammonia combustion 
on steel. The use of ammonia as a fuel presents significant challenges in relation to NOx emissions and burning 
velocity, making it a less viable option compared to hydrogen. Moreover, as the primary advantage of ammonia 
over hydrogen is its ease of transport, and small-scale Haber Bosch plants are not common, on-site generation 
may not be advantageous. Additionally, the generation of nitrogen from an additional air separation unit, and 
the  oxygen obtained from electrolysis that is not used pose further disadvantages. While ammonia combustion 
remains an interesting option for industrial applications, extensive research and development is required before 
its widespread use. Generally, it may be better suited for external supply. 

 

4.2. Quantitative results 

In this section, results of some basic calculations are presented. Figure 4 shows the efficiencies of the systems 
with all possible combinations of technologies. It is evident that the hydrogen system achieves the highest 
efficiency. The SNG system shows the lowest efficiencies, with no significant difference between catalytic and 
biological methanation. The system ammonia lies in between. 



 

Figure 4. Efficiencies for the considered system configurations. 

Figure 5 illustrates the total energy demand of the process chain for reheating of one tonne steel, for the 
different systems and depending on the combustion type (air/oxygen). Using oxygen for combustion can 
significantly lower the energy demand.  

 

 

Figure 5. Energy demand per tonne steel reheated for air and oxygen combustion of different energy 
carriers. 

Figure 6 gives an overview of investment costs for the different systems. The SNG system has the highest 
investment costs, primarily because of the additional costs for the carbon capture plant. Main investment costs 
in all systems are associated with the electrolysis unit, with SOEC being the most expensive one.  

 

Figure 6. Investment costs for the considered system configuration. 
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5. Conclusion 
In this paper, we presented concepts for on-site generation of hydrogen, synthetic natural gas (SNG) and 
ammonia, and conducted a qualitative comparison underpinned by basic estimates regarding investment costs 
and efficiencies. We discussed factors like combustion behaviour, heat integration, effects on steel quality. 
Our analysis revealed that on-site generation of hydrogen offers benefits related to transport, use of oxygen 
and low CO2 emissions. For SNG, easy handling of the fuel and numerous possibilities of heat integration were 
identified as advantages. We found ammonia not to be suitable for an on-site generation concept. Also there 
are several challenges in combustion of ammonia, mainly related to low burning velocity and high NOx 
emissions. Overall, the production of synthetic fuels leads to a significant increase in electricity demand, 
requiring the company to have a sufficiently high power connection. If on-site generation will ever be 
economically viable will heavily depend of future natural gas prices and emission regulations. 
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Nomenclature 
Acronyms 

AWE Alkaline water electrolysis 

BM Biological methanation 

CM Catalytic methanation 

HB  Haber Bosch process 

NG Natural gas 

PEM Proton exchange membrane 

SOEC Solid oxide electrolyzer cell 

SNG Synthetic natural gas 
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Abstract: 

Despite the current push for full electrification of the transportation sector, the utilization of IC engines (either 
on their own or hybrid guise) will continue for the foreseeable future. This is even more evident in the freight 
industry and with construction equipment. Therefore, the use of alternative fuels is a vital stepping stone toward 
low-carbon transportation. Environmental regulations have been developing enormous interest in biodiesel as 
an alternating fuel, with the main objective of reducing emissions associated with the transportation sector. 
Biodiesel is a renewable fuel that is mainly produced from vegetable oils and animal fats. At an industrial scale, 
its production is an energy-intensive operation that contributes to the overall carbon footprint.  
The present paper describes the energy and exergy analysis of an existing biodiesel plant. The facility applies 
used cooking oils and vegetable oils as raw materials and has an annual consumption of over 1,100 toe (as 
of 2021). The analysis identified the possibility of using biomass as a primary energy source for heat. 
Furthermore, the detailed analysis of the plant operation enables the identification of energy conservation 
measures that can reduce the electricity consumption and the pellet consumption by 29 tons a year.  

Keywords: 

Biodiesel; Energy; Exergy; Irreversibility; Thermodynamics. 

1. Introduction 
In recent decades, several concerns have arisen regarding the balance between energy consumption and 
sustainable, environmentally friendly, economically viable, and socially fair development. In this context, 
renewable energies started to play a leading role in order to reverse the worrying scenario of the possible 
depletion of fossil fuels (1). The energy consumption of society has contributed to the reduction of the existing 
reserves of coal, natural gas, and oil, and the ratio between consumption and production does not allow the 
continuous replenishment of these reserves, so depletion is inevitable (2). On the other hand, climate change 
is undoubtedly the greatest socio-environmental concern that the planet is facing today. Although burning fossil 
fuels is the main problem, it is also true that the increase in the volume of road traffic created by the world's 
dependence on transportation, particularly in large urban centers, has contributed on a large scale to the 
increase in pollutant emissions and energy consumption (3). In 2020, the total emissions of pollution gases 
emitted in Portugal (57.6 Mton CO2) are estimated that 25% come from national transport, being the sector 
that consumed the largest amount of energy by year, around 32.6%, followed by industry (31.2%), domestic 
(19.5%), services (13.4%) and agriculture and fisheries (3.3%) (4). 

To comply with the international goals to achieve carbon neutrality by 2050, renewable energy technologies 
have been at the top of the international discussion and several signs of progress have been conducted in this 
sector (5). However, no effective solution was implemented regarding the transportation sector and 
environmental regulations have been developing a huge interest in biodiesel as an alternating fuel, with the 
main objective of reducing hazardous emissions. In this context, it is believed that the replacement of fossil 
fuels by biofuels, such as biodiesel, can be a major contributor to the transportation sector (6). Currently, 
emphasis has been given to the study of bioethanol and biodiesel to replace gasoline and diesel respectively, 
since to use these biofuels it is not necessary to make major changes in road transportation (7). Biodiesel in 
particular is a biodegradable, non-toxic energy source synthesized from various raw materials, including man-
made waste such as used oils and animal fats, which in contact with nature can cause major environmental 
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imbalances (8). According to the international energy agency (IEA) (7) biodiesel production has been gradually 
increasing, as shown in Figure 1 (a). Although insignificant, this increase tends to remain until 2025 with an 
estimated world production of 46 billion liters. Regarding the countries that lead the biodiesel production sector, 
data presented in Figure 1 (b) shows that in 2021, Indonesia was the world's largest producer of biodiesel with 
a total of 9.5 billion liters, followed by Brazil with 6.9 billion liters of biodiesel produced (6).  

 

Figure 1. (a) World production of biodiesel; (b) Worldwide leading countries in biodiesel production in 2021. 

Although biodiesel is pointed out as a solution for the transportation sector, the increased production worldwide 
has also led to an increase in the production of vegetable oils, as they are the main raw materials used for 
biodiesel production on an industrial scale. However, the high cost of biodiesel production, as a consequence 
of the high price of vegetable oils, is the biggest problem for its implementation and commercialization on a 
large scale, making biodiesel less economically competitive compared to diesel derived from petroleum [1]. To 
create alternatives, many methods have been explored to reduce this cost, one of which involves replacing 
vegetable oil with used cooking oils. Recycling frying oil as a biofuel not only removes a hazardous compound 
that is most of the time released to the environment but also allows the production of a renewable and less 
polluting source of energy (8,9). 

From an industrial point of view, the biodiesel and conventional diesel production processes have almost 
equivalent efficiencies, with regard to the conversion of their raw materials into fuels (10). The opportunity to 
reduce the energy consumption in industrial plants, and therefore decrease the overall energy consumption of 
the process, allows for an intensification of the integration of biodiesel production on a large scale which could 
be very important for the dissemination of this fuel worldwide. In this context, this work focuses on an energy 
analysis carried out on a company in the biofuels sector in Portugal, more precisely, a company dedicated to 
the industrial production of biodiesel. Since the company is characterized by being an energy-intensive 
consumer, having consumed throughout 2021, 1120.46 toe, it is important to conduct an energy and exergy 
analysis of the plant in order to identify energy optimization solutions that can reduce the electrical and thermal 
energy consumption. Based on the identification of the processes involved in biodiesel production and the 
related products used for its production, the energy consumed and produced is estimated in this work. This 
allows to determine the efficiency of the process. However, energy analysis does not provide all the information 
needed to characterize the performance of the production process. Therefore, exergy analysis is useful to 
pinpoint the thermodynamic losses and inefficiencies (11). This study presents a methodology to determine 
energy and exergy efficiencies of biodiesel process production, which include both biodiesel and energy 
production. Moreover, solutions are presented to increase the energy performance of the biodiesel production 
process, highlighting the need to conduct a detailed thermodynamic analysis of biodiesel production plants to 
disseminate the use of this fuel in the transportation sector. 

2. Theoretical Background 

2.1. Biodiesel 

Biodiesel is considered a biofuel, whose composition and properties comply with the European standard EN 
14214 or the American standard ASTM D6751. It consists of a mixture of methyl esters of fatty acids formed 
by transesterification or esterification of vegetable oils (e.g. soybean, rapeseed, sunflower, and palm oils) or 
animal fats with methanol or ethanol, from various chemical or biological processes (12). From the chemical 
reaction between these raw materials, two products are obtained, an ester (biodiesel) and glycerol (also known 
as glycerin), which can be used, for example, by the pharmaceutical industry. The reaction is catalyzed by an 
acid or a base, depending on the characteristics of the oil and/or fat used. The reaction mechanism can be 
divided into three stages, where the triglyceride is sequentially converted to diglyceride, monoglyceride, and 
glycerol, in a sequence of three reversible reactions (12), as shown in Figure 2. 

 



 

Figure 2. Methanolysis of triglyceride. 

2.2. Mass and Energy Balance 

The first law of thermodynamics is the main principle that governs the energy conservation principle of any 
system. The conservation of energy is closely linked to the mass conservation principle, stated by (13). In a 
steady state, the mass balance model of the biodiesel production process is expressed by Eq. (1).  

�̇�𝑖𝑛 =  �̇�𝑜𝑢𝑡 (1) 

Analogously, the energy balance results from the difference between the energy produced by a fuel and the 
energy required to obtain it (14), as expressed in Eq. (2) (15,16): 

�̇�𝑖𝑛 + Q̇ = �̇�𝑜𝑢𝑡 (2) 

Except for the electrical energy, that was measured, the remaining forms of energy were calculated according 
to Eq. (3), as they do not contain any other form of energy other than the chemical energy of each compound. 

�̇� = �̇� 𝐿𝐻𝑉 (3) 

The heat supplied to the system comes from the burning of pellets, being Q̇ expressed by Eq. (4). 

Q̇  =  �̇� 𝐿𝐻𝑉 (4) 

2.3. Exergy Balance 

While the majority of the chemical industry uses energy analysis to optimize their processes, this does not 
indicate that the energy is efficiently used (11). To determine if a process is thermodynamically efficient, 
entropy generation must be analyzed, the higher the entropy generation, the higher energy is degraded (17). 
This property can be estimated by exergy, which represents the useful amount of work that can be extracted 
from a system when taken into thermodynamic equilibrium with the environment. Exergy changes account for 
the irreversibility of a process that depends on entropy production. Consequently, this irreversibility can be 
obtained by the exergy analysis of the system. In this context, the exergy balance can be expressed in Eq. (5) 
(10). 

𝜀�̇�𝑛 + 𝜀̇Q = 𝜀�̇�𝑢𝑡 + �̇� + 𝐼 ̇ (5) 

where subscripts in and out apply the same flows as the ones applied in the energy balance an 𝐼 ̇is the system's 
irreversibility. 

The exergy of a system is composed of several elements, as presented in Eq. (6).  

𝜀̇ =  𝜀̇𝑝ℎ + 𝜀̇0 + 𝜀̇𝑘 + 𝜀̇𝑝𝑜 (6) 

where 𝜀̇𝑝ℎ, �̇�0 𝜀̇𝑘 and 𝜀̇𝑝𝑜 are the physical, chemical, kinetic, and potential exergy, respectively. 

In this study, only fluids with chemical energy (Eq. 7) are considered and all other forms of exergy are therefore 
neglected. 

𝜀̇0 = �̇� 𝜑 𝐿𝐻𝑉 (7) 

In Eq. (7), 𝜑 depends upon the chemical composition of the fuel, being considered approximately equal to 
0.975 for liquids and gases and 1.07 for biomass (18,19). 

2.4. Efficiency 

In this study, two energy efficiencies are considered, the efficiency of the production of biodiesel, presented in 
Eq. (8), and the total energy efficiency of the process, expressed in Eq. (9).  



𝜂𝐵𝑖𝑜 =
�̇�𝐵𝑖𝑜

(�̇�𝑖𝑛 + �̇�)
 (8) 

𝜂 =
�̇�𝐵𝑖𝑜 + �̇�𝐺𝑙𝑦

(�̇�𝑖𝑛 + �̇�)
 (9) 

where �̇� represents the pumping power. While the efficiency of biodiesel production, 𝜂𝐵𝑖𝑜, is obtained by the 
ratio between the biodiesel energy and the total energy consumed for its production, the efficiency of the 
process, 𝜂, takes into account the products that are collected from this process, biodiesel, and glycerine. 

Regarding the exergetic efficiency, one can consider the rational efficiency for biodiesel production, expressed 
in Eq. (10), and the rational efficiency of the process, presented in Eq. (11). 

𝜓𝐵𝑖𝑜 =
𝜀�̇�𝑖𝑜

𝜀�̇�𝑛 + �̇�
 (10) 

𝜓 =
𝜀�̇�𝑖𝑜 + 𝜀�̇�𝑙𝑦

(𝜀�̇�𝑛 + �̇�)
 (11) 

The rational efficiency of the production process is a measure of the process performance, being defined by 
the ratio between useful exergy output and the maximum input exergy. While 𝜓𝐵𝑖𝑜 focuses on the biodiesel 

production process, 𝜓 considers all the products obtained from this process. 

 

3. Materials and Methods 

3.1. Biodiesel Production Line 

As previously mentioned, biodiesel is a product resulting from the transesterification of oils with an alcohol in 
the presence of an acid or alkaline catalyst. The biodiesel production process implemented in the industry 
where this study was conducted can be summarized in the flowchart shown in Figure 3. 

 

Figure 3. Biodiesel production process. 

To ensure that the final product (biodiesel) meets the requirements, several process variables need to be 
controlled. The biodiesel to be shipped must have the parameters within the specifications, according to the 
European standard EN 14214. Some of the process parameters to be considered are the acid number (IA) 
and the percentage of free fatty acids (FFA) in the raw materials, residual raw materials (MPR), the degree of 
mixing between alcohol and triglycerides in the transesterification process as well as all operating temperatures 
and pressures. 
The process begins with the collection of raw material that consists of waste oils. These oils are mainly wastes 
from the food industry (restaurants) or resulting from the oil refining industry. The incorporation of this type of 
waste as a raw material promotes industrial symbiosis and enhances the circular economy. The second stage 
begins with PEEA (Specific Acid Esterification Production Unit). The raw materials have characteristics that 
prevent them from being incorporated directly into PEBD (Specific Production of Biodiesel Unit), namely a high 
acidity index and high content of water, phosphorus, and other contamination. The high-acid MPR (IA > 10 
mg/g and FFA > 5%) then need to go through an acid esterification process to be able to be incorporated into 
the PEN (Specific Neutralization Production Unit). The third phase consists of the pre-treatment of the low-
acid MPR (IA < 10 mg/g and FFA < 5%) together with the MPR after the acid esterification process, which 
occurs in the PEN, to be ready to be incorporated into the PEBD. In the PEBD, biodiesel results from the 
transesterification of oils with methanol in the presence of a catalyst, sodium methylate. During this process, 
three reversible reactions take place. From the triglycerides (TG) of the oils, two intermediate components are 
formed, the diglycerides (DG) and the monoglycerides (MG). The reactions are as follows (12)-(14): 



𝑇𝐺 + 𝐶𝐻3𝑂𝐻 ↔ 𝐷𝐺 +  𝑅1𝐶𝑂𝑂𝐶𝐻3 (12) 

𝐷𝐺 + 𝐶𝐻3𝑂𝐻 ↔ 𝑀𝐺 +  𝑅2𝐶𝑂𝑂𝐶𝐻3 (13) 

𝑀𝐺 + 𝐶𝐻3𝑂𝐻 ↔ 𝐺𝐿 +  𝑅3𝐶𝑂𝑂𝐶𝐻3 (14) 

where R1,2,3 are organic radicals.  

The global reaction, which characterizes the production of glycerol (GL) and biodiesel (R3COOCH3), is 
expressed by reaction (15). 

𝑇𝐺 + 3𝐶𝐻3𝑂𝐻 ↔ 𝐺𝐿 +  3𝑅3𝐶𝑂𝑂𝐶𝐻3 (15) 

The crude glycerine produced in PEBD needs to be treated in order to be able to be exported. PEG is the 
glycerine treatment process that guarantees a minimum glycerol content of 75-80%. The methanol recovered 
from the PEBD and PEG (Specific Production of Glycerine Unit) processes needs to be purified (PERM - 
Specific Production of Methanol Rectification Unit) in order to be used again ( > 98 %). Finally, both biodiesel 
and glycerine are stored in tanks to be later exported. 

 

3.2. Specific Production of Biodiesel Unit 

The biodiesel production unit is schematically represented in Figure 4. The process begins with the heating of 
neutral oils from the PEN (D-03) together with virgin vegetable oils from the D-05 by a plate heat exchanger 
and a tubular heat exchanger to a desired temperature. Then the raw material is mixed with methanol and 
sodium methylate, the catalyst. The mixture enters the R-3001 reactor (cavitation reactor) and the reaction 
takes place up to a percentage of methyl esters close to 85%. The products resulting from this reaction 
(biodiesel and glycerine) are sent to the D-06 decanter, where the glycerine is decanted and separated, going 
to the D-08. To simplify this operation, recirculation of the glycerine is conducted, i.e., part of the glycerine that 
leaves the D-06 goes back in to maintain the temperature and help with its separation (the greater the amount 
of glycerine, the greater the tendency for deposition). Biodiesel (light phase of D-06) is mixed again with the 
reagents and passes through the cavitation reactor R-3002 where the formation of esters is completed. The 
products go to the D-07 and the glycerine is decanted into the D-09 accumulator. 
In the production of biodiesel, using an alkaline catalyst, some amount of soap is always produced. Thus, once 
the transesterification reaction is completed, the excess catalyst and soap tend to be concentrated in the 
glycerine phase. However, there is always some amount of these constituents that remain in the biodiesel 
stage. This fact can cause problems in the follow-up of the process: the soaps remain in the process and can 
cause the clogging of the resins. To solve the problem, when the mixture reaches the D-10 accumulator, 
phosphoric acid is added keeping the pH controlled (close to neutral). Acidification aims to create conditions 
less favorable to the formation of soaps and to end the transesterification reaction. This is followed by Flash 1 
at approximately 75 ºC and a pressure of 130 mbar, the methanol in the biodiesel is dried to 5000 ppm. 
Methanol is recovered to D-11 while biodiesel goes to D-15. In the resin basins (R-3003 and R-3004) occurs 
the final adsorption of glycerine which has sodium, methanol, and some impurities. Biodiesel leaves the resins 
for Flash 2 where, under more severe conditions of pressure and temperature, methanol drops to values within 
the European standard, EN 14214, below 2000 ppm. After physical filtration, the biodiesel goes to D-01/D-02. 
Subsequently, an antioxidant is added to the biodiesel, and this is transferred to the shipping tanks. 

 

Figure 4. Scheme of the Specific Production of Biodiesel Unit. 



4. Results and Discussion 

4.1. Energy consumption and biodiesel production 

Because of fluctuations in biodiesel production, energy consumption is not constant throughout the year. 
However, since biofuel production requires temperature control, the highest energy consumption is due to the 
heating and cooling operations. To better understand the energy needs in biodiesel production, it is essential 
to carry out an analysis of the history of energy consumption of the processes, which is divided into electricity 
consumption (electric motors for the pumps and chiller) and consumption of pellets (boiler). For this, the data 
referring to the year 2021 were used, as presented in Table 1. 

Table 1. Typical energy consumption and biodiesel production in a year (2021). 

Month Pellets (ton) Electricity (kWh) Production of biodiesel (ton) 

January 131.90 155,882.00 1,252.60 

February 125.56 108,908.00 876.00 

March 154.84 183,094.00 1,787.70 

April 135.44 157,979.00 1,491.20 

May 160.86 177,861.00 2,104.40 

June 132.98 168,588.00 1,740.90 

July 127.20 154,309.00 1,572.60 

August 100.98 134,481.00 1,227.70 

September 160.92 192,194.00 2,064.70 

October 157.58 173,891.00 1,706.40 

November 157.04 174,555.00 1,780.40 

December 106.02 127,698.00 899.40 

Total 1,651.32 1,909,440.00 18,504.00 

 

To determine the energy consumption per ton of biodiesel produced, the consumption values are converted 
into toe to obtain a reference value in toe /ton of biodiesel, taking into account the thermodynamic and electrical 
conversion factors (1 toe = 41,868 MJ and 1 kWh = 215 ×10-6 toe) presented in Dispatch nº 17313/2008 (20). 
For calculation purposes, the lower heat value (LHV) of the pellets is considered equal to 18.0 MJ/kg. To 
determine the consumption of pellets in toe, Eq. (16) is used. On the other hand, the conversion of electrical 
energy consumption into toe is given by Eq. (17). 

𝐸toe =
𝑚. LHV

41.868
 (16) 

𝐸toe = 𝑒c . 215 × 10−6 (17) 

where m is the mass in ton, the LHV is in MJ/kg and the ec corresponds to the electric consumption in kWh. 

Regarding the energy consumption and using the values for 2021, it appears that the company is covered by 
the SGCIE (Portuguese Management System of Intensive Energy Consumption), since the total energy 
consumption exceeds 500 toe – 1120.46 toe (0.06 toe / ton biodiesel) – the company is considered an Intensive 
Energy Consumer (CIE).  

Through the plot presented in Figure 5 (a), it is possible to observe the evolution of energy consumption 
throughout 2021. For the period under analysis, a significant variation in energy consumption over time is 
observed. Throughout January and February, the average flow rate of biodiesel produced was 2.7 tons/h, a 
value lower than the average flow rate seen in the rest of the year (3.5 tons/h). On the other hand, in February 
a stoppage of about 2 weeks due to a fire occurred. During the summer months, the company was once again 
stopped, for 3 weeks for the vacation period and in December the average flow rate of biodiesel produced was 
2.4 ton/h due to a limitation in a pump. For these reasons, it is possible to perceive the existing variations in 
energy consumption and biodiesel production, Figure 5 (b), since energy consumption is directly related to 
biodiesel production. Moreover, an analysis was conducted to determine the major contributors to energy 
consumption. These contributors were divided into two groups, the boiler, which is responsible for heating the 
thermal oil that feeds the heat exchangers in the factory, and electrical equipment which includes all the electric 
motors that power the pumps, lighting, office equipment as well as other less relevant equipment. It should be 
noted that the Chiller is also included in electrical equipment, which further demonstrates that energy 
consumption related to utilities (production of heat and cold) is much higher than the energy consumption of 



other equipment directly associated with the biodiesel production process. The plot depicted in Figure 6 (a) 
shows the difference between the weight of energy consumption between the boiler and the electric motors, 
being responsible for 63.4 % and 36.6 % of the consumption of the total energy consumed by the company, 
respectively. To provide more information regarding the energy consumption throughout 2021, the monthly 
specific energy consumption was plotted and presented in Figure 6 (b). The data show that although January, 
February, and December are the months with lower biodiesel production, 2.7 ton/h for the first two months and 
2.4 ton/h for the last one, the specific energy consumption is much higher. On the other hand, this parameter 
in the coldest months (October to April) is higher than in the remaining months of the year due to the lower 
operating temperatures used in the production process, requiring a greater amount of thermal energy. 

 
Figure 5. (a) Evolution of energy consumption throughout 2021; (b) Variation in biodiesel production 

throughout the year (2021). 

 

Figure 6. (a) Energy consumption by the boiler and electric motors; (b) Specific energy consumption. 
 

4.2. Mass balance 

As previously mentioned, the biodiesel is produced by a chemical reaction between triglycerides, which in this 
case are composed of virgin oils (VO) and used oils (UO), methanol (CH3OH), and catalysts, in this case, the 
phosphoric acid (H3PO4) and the sodium methylate (CH3NaO). In this unit, recovered biodiesel is also 
introduced into the process. From these inlet components, biodiesel, glycerine, and methanol are produced, 
as expressed in Figure 7.  

 

Figure 7. Mass balance of the biodiesel production process. 

Regarding the scheme presented in Figure 7, the mass balance of the PEBD unit can be written as follows: 

 �̇�𝑖𝑛 = �̇�𝐻3𝑃𝑂4 + �̇�𝑈𝑂 + �̇�𝑉𝑂+�̇�𝐶𝐻3𝑂𝐻 + �̇�𝐶𝐻3𝑁𝑎𝑂 + �̇�𝑅𝑒𝑐𝐵𝑖𝑜 (18) 

 �̇�𝑜𝑢𝑡 = �̇�𝑏𝑖𝑜 + �̇�𝑔𝑙𝑦+�̇�𝐶𝐻3𝑂𝐻 (19) 

 �̇�𝑔𝑙𝑦 = �̇�𝑖𝑛 − (�̇�𝑏𝑖𝑜+�̇�𝐶𝐻3𝑂𝐻) (20) 



where �̇�𝑖𝑛 and �̇�𝑜𝑢𝑡 are the inlet and outlet mass flow rates, respectively. In this study, all the mass flow rates 
were measured, except for the case of the glycerine which was obtained by difference. 

For the mass balance, in-site mass flow rate measurements were conducted in the PEBD Unit. The mass flow 
rate of each pump was recorded directly from the control room except for the following pumps: P-3005 and P-
3007 in the Flash 31 and P-3010 Evaporator and P-3022 in the Flash 32 evaporator. To determine the mass 
flow of these 4 pumps it was necessary to take samples at strategic points, as presented in Figure 8. In Flash 
31 (Evaporator Fe-31, Figure 8), 2 samples were collected: one before the evaporator (sample 1, Figure 8) 
and another later (sample 2, Figure 8). The analysis of these samples allowed to determine the methanol 
percentage in biodiesel upstream and downstream of the evaporator and, consequently, the evaporated 
methanol flow rate. This process was repeated for the Flash 32 evaporator. 

 

Figure 8. Schematic of sample collection in Flash 1. 

According to the data presented in Table 1, it was possible to determine the working time of the PEBD for each 
month, based on the monthly production of biodiesel and the mass flow rate measured for each product that 
integrates the biodiesel production process is expressed in Table 2. The results are expressed in Figure 9 and 
represent the percentage of the products consumed (inlet) and produced (outlet) in 2021.  

Table 2. Measured mass flow rates. 

Process Products Mass flow rate (kg/h) 

Output 

Biodiesel 3404.32 

CH3OH 195.68 

Glycerine 631.64 

Input 

H3PO4 3.15 

UO 2244.2 

VO 875 

CH3OH 588 

CH3NaO 140.49 

Rec. Biodiesel 380.8 

 

 

Figure 9. Products consumed (inlet) and produced (outlet) by the PEBD Unit in 2021. 

As it can be observed in Figure 9, used cooking oils represent the major consumption (53 %), followed by 
virgin oils (21 %) and methanol (14 %). The recovered biodiesel introduced into the process is approximately 



10 % while the catalysts are residual. Regarding the final products obtained from the PEBD Unit, the analysis 
shows that biodiesel represented 80 % of the products, followed by 15 % of glycerine and approximately 5 % 
of methanol. 

 

4.3. Energy balance 

The energy balance of the PEBD Unit is presented in Figure 10. As previously stated, the outflow energy from 
the production of the biodiesel process is equal to the energy inflow plus the thermal energy provided by the 
boiler. This initial energy is the sum of the energy provided by virgin oils (VO) and used oils (UO), methanol 
(CH3OH), and catalysts - phosphoric acid (H3PO4) and the sodium methylate (CH3NaO). Besides these 
products, the PEBD unit uses electrical energy (Elec.) that feeds the pumps and the chiller and biomass (Biom.) 
as the heat source that provides thermal energy to the entire process. From this process, biodiesel (Bio.), 
glycerine (Gly), and methanol (CH3OH) are produced. Moreover, part of this energy is lost (Loss), which is 
obtained by the difference between the energy consumed and produced. The energy balance equations used 
are expressed in Eqs. (21)-(22). It should be noted that the calculations were conducted in function of mass 

instead of mass flow rate. Therefore, �̇� in section 2.2 becomes 𝐸. 

 𝐸𝑖𝑛 = 𝐸𝐻3𝑃𝑂4 + 𝐸𝐶𝐻3𝑁𝑎𝑂 + 𝐸𝑈𝑂 + 𝐸𝑉𝑂 + 𝐸𝐶𝐻3𝑂𝐻 + 𝐸𝐵𝑖𝑜.  𝑅𝑒𝑐 + 𝐸𝐸𝑙𝑒𝑐. + 𝐸𝑃𝑒𝑙𝑙𝑒𝑡𝑠. (21) 

 𝐸𝑜𝑢𝑡 = 𝐸𝐵𝑖𝑜. + 𝐸𝐶𝐻3𝑂𝐻 + 𝐸𝐺𝑙𝑦. (22) 

Regarding the energy of each product, 𝐸𝐻3𝑃𝑂4, 𝐸𝐶𝐻3𝑁𝑎𝑂 , 𝐸𝑈𝑂 , 𝐸𝑉𝑂 , 𝐸𝐶𝐻3𝑂𝐻 , 𝐸𝐺𝑙𝑦.and 𝐸𝐵𝑖𝑜., only the chemical 

energy is considered using the data obtained from the mass balance and the LHV of each compound. Based 
on the literature, the LHV used is as follows: 𝐿𝐻𝑉𝐻3𝑃𝑂4 = 23.5 MJ/kg, 𝐿𝐻𝑉𝐶𝐻3𝑂𝐻 = 19.9 MJ/kg, 𝐿𝐻𝑉𝑈𝑂 = 37.0 

MJ/kg, 𝐿𝐻𝑉𝑉𝑂 = 37.0 MJ/kg, 𝐿𝐻𝑉𝐺𝑙𝑦 = 19,0 MJ/kg, 𝐿𝐻𝑉𝐵𝑖𝑜 = 19.0 MJ/kg. No information was found regarding 

the sodium methylate LHV, therefore it was not considered in the energy balance. Regarding the thermal 
energy provided by the pellets, Pellets in Figure 10, it is obtained by multiplying the mass of pellets consumed 
by the PEBD unit by the biomass LHV which was considered equal to 18 MJ/kg. 

To determine the pellet consumption of the PEBD, the heat exchanged between the thermal flow (thermal oil 
heated by the boiler) and the cold stream, which consists of used cooking oils, virgin oils, and biodiesel, in 
each three heat exchangers of this unit is calculated. From this analysis, it was found that the PEBD unit is 
responsible for 14 % of the total pellets consumption. 

Regarding the consumption of electrical energy consumed by the pumps and the chiller, measurements were 
conducted. For the case of the power consumed by the pumps, the current and tension were measured, and 
the total power resulted from the sum of the power consumed by each pump, resulting in 18 % of the total 
electrical energy consumed. The chiller is used to produce cold water to condensate the methanol evaporated 
during the process of purification of biodiesel. To determine the power consumed by the chiller, the vapor-
compression refrigeration cycle was analyzed. Temperatures involved in the heat exchanged between the cold 
source and the evaporator and between the hot source and the condenser were recorded. The refrigerant fluid 
used in this process is R410a. From these temperatures, the properties of the thermodynamic cycle were 
defined in terms of power consumption for each stage, resulting in a total of 684,050 kWh/year, which 
represents 36 % of the total electrical energy consumed.  

 

Figure 10. Energy balance of the PEBD Unit. 

 

 



4.4. Exergy Analysis 

The exergy balance is always performed along with the energy balance of the unit. However, energy analysis 
relates directly to the first law of thermodynamics, where exergy is always destroyed when a system involves 
an irreversible reaction (21). The irreversibility of the process was calculated using equation (5) by the 
difference between the exergy that enters the system and the exergy that leaves the system. The determination 
of the exergy flows was the same principle as the energy flows shown in Eq. (21) and Eq.(22). The electric 
exergy is the same as the electric energy, and the chemical exergy of the other streams was calculated using 
Eq. (7). The exergy balance of the PEBD was determined and is depicted in Figure 11. 

The irreversibility of the process depends on the system’s entropy variation. The literature shows that biodiesel 
production presents a higher exergy efficiency. This is mainly due to the reversibility of the transesterification 
reaction and the biodiesel's high chemical exergy in relation to the exergy consumed in the process (22,23). 
The boiler associated with the unit might be the equipment that most influence the irreversibility of the system. 
However, the total exergy of the pellets is insignificant compared to the total exergy of the input flows involved 
in the system (0.6 %) which explains the small difference between heat loss and irreversibility in the system. 

 

Figure 11. Exergy balance of the PEBD Unit. 

4.5. Process enhancement 

From the energy balance, it is clear that the PEBD unit is highly optimized in terms of heat consumption, 
representing around 14% of total pellet consumption this is mainly due to the use of heat exchangers at the 
beginning of each biodiesel purification stage, allowing the recovery of energy from the hot streams to preheat 
the cold streams. On the other hand, the use of low vacuum pressures in the evaporators allows operating 
conditions at lower temperatures, reducing the consumption of electrical energy. However, after a careful 
analysis of the PEBD unit, it was possible to find some solutions that improve the energetic process 
performance. Regarding the pellet consumption, it was found that the continuous operation of the heat 
exchanger HE-33 is redundant and unnecessary since it is expected to keep the operating temperature of 
Flash 1 near 77 ºC. With proper insulation, the heat exchanger HE-01 could be connected directly to the 
evaporator FE-31, since the heat lost from the biodiesel flowing through the pipe to the environment between 
the HR-01 and the HE -33 heat exchangers is of the same order of magnitude as the heat supplied by the HE-
33. Thus, HE-33 can operate in a bypass mode during the first few hours of the unit starting time. With thermal 
equilibrium reached, it was found that deactivating the HE-33 exchanger would result in annual savings of 
more than 29.5 tonnes of pellets, which represents a decrease of approximately 2.2 % of the annual pellets 
consumption. Even though this value seems to be irrelevant, it corresponds to cost savings in the order of 
7,000 €/year, taking into account the rising in prices observed for this fuel over the last months. 

Regarding electricity consumption, an opportunity to improve the methanol recovery/condensation process 
was identified, by acting on the existing chiller. Measurements reveal a high water flow rate, compared to a 
low evaporated methanol flow rate, with a maximum ∆T between the inlet and outlet of the chiller of 1.6 ºC, 
showing that the water flow rate is oversized. Therefore, a need arises to calculate an optimized water flow 
rate for a minimum ∆T of 5 ºC in the evaporator, as well as an increase of 1 ºC at the cold water outlet, allowing 
the use of a lower refrigerant flow rate as well as the increase of temperature in the evaporator and, 
consequently, an increase in its pressure, reducing the compression work. Moreover, this optimized water flow 
rate allows to estimate the minimum cooling power needed by the process, allowing the selection of a new 
chiller. With this optimized equipment, a reduction of more than 70 % of the electrical power consumed by the 
chiller is possible. 



Considering these optimized solutions, the energy and exergy efficiencies of the system were estimated and 
compared with the present scenario. To conduct this analysis, the equations presented in section 2.2 were 
used to plot the graphs presented in Figure 12. The results show that in the actual scenario, the energy and 
exergy efficiencies for biodiesel production are 87.6 % and 87.5 %, respectively. While for the process, which 
includes the production of both biodiesel and glycerine, the energy and exergy efficiencies are 96.0 % and 
95.8 %, respectively. There is not much difference between both efficiencies as the thermal loss and the 
irreversibility of the system are identical. However, the difference is due to the irreversibility caused by the 
boiler. 

Compared with the present scenario, the optimization proposed increases by almost 0.6 % in both energy and 
exergy efficiencies. It is not a significant increase as the energy saved is relatively low compared with the 
overall energy of the process. However, by observing Figure 13, it is possible to conclude that this optimization 
decreases around 117 toe the annual irreversibility. This may not have a major impact on the energy or exergy 
balances, however, it will be translated into a reduction in biodiesel production cost.  

 

 
(a) 

 
(b) 

Figure 12. Energy (a) and Exergy (b) efficiency analysis for the present and optimized scenarios. 

 
Figure 13. Influence of the optimization in the process irreversibility. 

5. Conclusions 
This study presents a detailed analysis of a biodiesel power plant. The different products used for biodiesel 
production are characterized and the different reaction processes are presented. Considering the complexity 
of analyzing the entire power plant, an energy and exergy analysis is conducted on the specific unit of biodiesel 
production or PBDE, as previously mentioned. To determine the mass balance, in-site measurements were 
conducted. From this analysis, a total of 18,504 tons of biodiesel are produced in 2021 as well as 3,433 tons 
of glycerine, which is sold for other industry sectors. These products represent a total of 87.6 % and 8.4 % of 
the total energy produced, the remaining percentage is methanol and energy loss. Regarding the sources of 
energy used for biodiesel production, electricity came from pumps and a chiller, while the thermal energy is 
provided by pellets burned in a boiler. The study conducted shows that the PEBD is responsible for a total 
consumption of electrical energy corresponding to 54 %, from which 36 % is consumed by the chiller, while 
this unit only consumes 14 % of the pellets. In terms of energy efficiency, the biodiesel production process is 
estimated to be equal to 88.1 %, while the process that includes both the production of biodiesel and glycerine 
represents an efficiency of 96.5 %. In terms of exergy, the results are slightly different from the energy analysis, 
being the difference mainly due to the irreversibility caused by the boiler. The entire process was analyzed and 
solutions were presented in order to enhance the process efficiency. This enhancement results in a slight 
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increase of both energy and exergy efficiencies of the process, approximately 0.6 %. Although this 
improvement seems to be reduced, it leads to non-negligible cost savings in the power plant. 
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Nomenclature 
𝐸 Energy, J 

𝐼 Irreversibility, J 
�̇� mass flow rate, kg/s 

�̇� Pumping Power, W 
𝑄 heat, J 

�̇� Work, W 
Greek symbols 
𝜀 exergy  

𝜂 energy efficiency 

𝜑 chemical exergy conversion factor for fuels 

𝜓 exergy efficiency 

Subscripts and superscripts 
𝑖𝑛 inflow 

𝑜𝑢𝑡 outflow 

0 Chemical 

𝑘 kinetic 
𝑝ℎ physical 
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Abstract: 

The goal of this paper is to evaluate, from a thermodynamic point of view first, and then constructive one, the 
possibility of inserting a waste heat recovery system in a hybrid vehicle in mild-hybrid configuration. The vehicle 
considered is a standard 1000 cc gasoline turbocharged ICE. The characteristic and proposed configuration 
of the vehicle allows to mechanically separate the existing turbo-compressor unit and to couple them with the 
respective electrical devices: electric motor and generator. This new architecture enables an electrical 
generation that can be used to recharge the installed battery package. Moreover, thanks to the new 
configuration of the turbine of the group, i.e. without the wastegate valve, the turbomachinery provides a high 
gas flow rate at high temperature (about 380 °C). These exhaust gases can be used for a bottom ORC group, 
with additional electricity generation. All these considerations permit to have an extra on-board recharge of the 
batteries, to consequently increase the electric range of the vehicle (a sort of range extender) and to install a 
battery group of limited size and power, with consequent advantages of payload and vehicle efficiency. 
Besides, it allows to achieve the well know and inflated aspects (from a citation point of view) of the emissions 
reduction. 

Keywords: 

Mild Hybrid Vehicle, Electric Generation, ORC plant, Compressor Turbine Condenser design 

 

1. Introduction 
The aim of the research is to verify the feasibility of an on-the-road prototype of a power train for a hybrid 
propulsion vehicle. In detail, the project consists in the study and implementation of an innovative complex 
energy plant for the ICE (900cc) of a city car [1-4]. The solution studied is to mechanically disconnect the 
compressor/turbine complex, supporting the C compressor with a dedicated electric motor and connecting the 
T turbine to a generator. Mechanical C/T decoupling allows both machines to be designed so that they operate 
close to the maximum efficiency point for the maximum part of the expected real operating range. Specifically, 
the turbine has a lower rotation speed than that of the original group and therefore is characterized by slightly 
larger dimensions. The advantage is that in current supercharger units the surplus at high revs is discharged 
through the waste-gate valve without expanding into the turbine. In the configuration proposed here, however, 
all the energy of the gases is used by the turbine to generate electrical power, that can be used where required. 
Finally, with a view to optimizing all energy flows, the turbine exhaust is used for a bottoming ORC group, for 
electricity generation. The surplus of energy thus obtained can be used to power the auxiliaries, reducing both 
fuel consumption and lengthening the time of use of the electrical part, via battery pack. The actions taken 
were [5]: 

a) Study a suitable configuration of a new turbocharging unit (hereinafter, "TC") for the specific thermal 
engine chosen here (ICE 900 cc turbo ≈ 66 kW), separating the compressor and the turbine and 
realizing the two devices with ad hoc components; 
b) Simulate the behavior of the new TC group over the entire operating range of the engine, possibly 
making appropriate changes to the configuration originally chosen; 
c) Design and implement a prototype configuration of the new C/T group (integrating the part relating 
to the motorization/electric generation and test it in advance); 
d) Simulate and design the submitted ORC group. 
 

2. Compressor and Turbine design 
Once the engine of the vehicle (999 cc) of the city car being searched was established, the existing group on 
the vehicle was identified, the operational map of which is shown in figure 2. 
 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 
 
 
 
 
 
 
 
 
Figure 1. The electro-assisted configuration of the proposed turbocharging unit and the ORC group 
 
Based on the ns/ds design theory [5-8], the geometric characteristics of the compressor shown in table 1 are 
obtained. Obviously, the dimensions and speeds are established here based on the values provided by the 
manufacturer of the installed compressor. The operating point was also fixed and derived since the maps of 
the business model [5,6]. The operating specifications are as follows: 

  = 1.5 
 m ̇ = 0.02-0.06 kg/s 
 n = 140000-210000 rpm 
the range includes operation at the minimum and maximum speeds assumed by the ICE (2000-5000 rpm) 
 
Table 1. Compressor data designed 

m [kg/s] 0.02 WEUL [J/kg K] 44652.74  1 

 1.4 U2 [m/s] 211.3  0 

cp [J/kg K] 1004 r2 [m] 0.014421  0.3 

T1 [K] 293  [K] 22  0.55 

 [rad/s] 14653  [kg/m3] 1.20108 p 0.98 

 0.42 Q1 [m3/s] 0.016652  0.65 

p1 [Pa] 101000 r1e [m] 0.011005 R 0.5 

T2 [K] 337 r1i [m] 0.007153 (1-2) 0.5775 

 
From the analysis of the data it can be noticed the correspondence to the existing model, installed in the 
vehicle. The operation of the compressor at various speeds of the ICE engine was then evaluated and using 
the previous map it was possible to fill in the following table and the figure shows the trend of the power 
required by the compressor as the number of revolutions of the ICE changes. 
 
Table 2. Compressor operation at different ICE speeds  

rpm ICE �̇� [kg/s] rpm c Tin [K] Tout [K] P [W]  

        
2000 0.021 145000 1.42 298.4 344 920.71 0.68 
3500 0.0408 180000 1.64 297.5 354 2474.39 0.8 
5500 0.0619 210000 1.84 297.5 366.8 4444.96 0.82 
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Figure 2. Compressor chart 
 

 
Figure 3. Compressor power required as a function of the ICE speed 
 
Using the same procedure described above, the turbine was designed [9-15]. The main characteristics are 
shown in Table 3. 
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Table 3. Turbine data 

m [kg/s] 0.021 LEUL [J/kg K] 103194  0 

 1.4 U2 [m/s] 321.2  1 

cp [J/kg K] 1397 r2 [m] 0.051153  0.3 

T1 [K] 980  [K] 34  0.4 

 [rad/s] 6280 2 [kg/m3] 0.387992 p 0.98 

 0.23 Q2 [m3/s] 0.05412  0.65 

p2 [Pa] 101000 r1e [m] 0.011159 R 0.5 

T2 [K] 907 r1i [m] 0.007253 (1-2) 0.5775 

 
From the analysis of the data, the correspondence to a turbine model available on the market is evident, whose 
operational map is represented in figure 4. The operation of the turbine at various ICE engine speeds was then 
evaluated using the map, so the turbine trend generation is reported in figure 5 and, as above, it is possible to 
fill the following table, in function of ICE speed. 
 
Table 4. Turbine operation at different ICE speeds  

rpm ICE �̇� [kg/s] rpm  c Tin [K] Tout [K] P [W]  

2000 0.024 82170  1.2 954 922 780 0.87 
3500 0.04 134483  1.6 1005 930 3510 0.86 
5500 0.07 164002  2.00 1045 932 9500 0.81 

 
Figure 4. Turbine operational chart 
 

 
Figure 5. Turbine power output required as a function of the ICE speed 

P [W] 

rpm 
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3. Energy Recovery and Vehicle Energy Balance 
Thanks to the proposed design changes, the new electrically assisted turbocharger offers extra power at all 
engine speeds, except for about 2500 rpm and the power curve are shown in figure 6. It can be noted that the 
reported values include mechanical and electrical efficiency. For any type of mission (ETC, EUDC, WVU and 
NDC [17-21]), the engine energy balance is calculated by calculating the instantaneous power demand to the 
wheels, adding transmission losses, adding the compressor power and subtracting it from the turbine power 
and considering the battery charging efficiency.  The effect of KERS has not been included in the simulations 
at this time. For almost the entire mission, the turbocharger unit can deliver extra net power. This power will 
be used mainly to recharge the battery pack and power the auxiliaries. When the power is negative (almost 
always on restart and during braking operations) the compressor will draw the required power from the on-
board battery package. Since the vehicle is conceived as a mild hybrid, this battery pack is obviously much 
smaller than in a common HEV [22-29]. In longer missions, the instantaneous surplus generated by the 
turbocharger, minus the contributions sent to the auxiliaries, can lead to a condition in which the battery pack 
has a SOC close to 100% and cannot accept further charges. In these circumstances, the extra power could 
be used or sent to an auxiliary electric motor for additional propulsion. 
 

 
 
Figure 6. Power of the Turbine (orange curve) and the Compressor (blue) as a function of ICE rpm 
 
The proposed solution, namely to physically decouple the compressor and turbine, using an electric motor for 
the first and producing electricity from the second via electric generator, showed that the total energy recovered 
on the simulated missions amounts to 1.01 kWh (compared to the 18 kWh of total energy required by the 
vehicle), which means that a net saving of about 5.6% can be achieved by the installation of this new 
turbocharger unit (figure 7). 
 

4. The Bottoming ORC cycle 
A further optimization of the considered system is to insert a bottoming ORC cycle. This possibility is 
thermodynamically feasible because the outlet temperature of the exhaust gases from the turbine, which must 
be remembered that it works without a wastegate valve, is about 800 K. The fluid used is an organic fluid 
R245fa. In the worst case, the exhaust gas flow rate is 0.024 kg/s. This temperature is high for a typical ORC 
application, especially for the required low power; this means that the energy content is too high and probably 
the use of Rankine Cycle instead an ORC would be more efficient, nevertheless for a compact application an 
organic fluid is more convenient, because the dimensions of the heat exchangers are smaller. Using 
commercial software, the thermodynamic simulation of the ORC cycle was performed. Among the various 
parameters to be set, the value of the maximum power that can be delivered, of about 2 kW, was chosen. 
Since the power is not high, it is not convenient to design a sophisticated cycle with preheaters or re-heaters 
commonly used in large-size plant. Thus, the cycle is very simple and only few components are required (Fig. 
8) [30-35]: 
 

1. Air Heat Recovery: it is a heat exchanger where the organic fluid warms up and changes its phase 
from liquid to vapor. This transformation is considered isobaric and, in the phase, changing is also 
isothermal. 
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2. Expander: it operates between the pressure imposed upstream and downstream by the heat recovery 
and the condenser. 

3. Condenser: used to condensate the organic fluid with water. This transformation is considered isobaric 
and isothermal during the phase changing. 

4. Pump: it increases the pressure of the organic fluid, now liquid, up to the pressure inside the Air Heat 
Recovery. 

5. Flow Mixer: necessary to add the possible make up flow rate.  
 

 

 
 
Figure 7. Net energy supplied by the GT group during the mission 

 
 

 
Figure 8. ORC cycle layout 

 
From the statement of the problem, the input constrains are: 

 

• The output power from the turbine (flow 6): 2 kW 

• The available mass flow rate of the exhaust gas (flows 3): 0,024 m3/s 

• Temperature of the exhaust gas (flows 3): 723 K (conservative set) 
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The temperature of the inlet water is set to 293 K, hence, considering the finite dimensions of the condenser 
and its losses, the organic fluid should condense at 301 K, because it cannot reach lower temperature. Thanks 
to the thermodynamics properties, setting the condensation temperature means that the condensation 
pressure is fixed. From the thermodynamics tables for R245fa, this fluid condenses at 301 K with a pressure 
of 170 kPa. The expander efficiency has been underrated at 0.7 to be sure that the outlet power was at least 
2 kW and the efficiency of the pump is fixed to 0,9. The results obtained by the process simulation indicates a 
mass flow rate for the organic fluid of 0.13 kg/s.  
In summary, thermodynamic feasibility of whole system is confirmed. The current state of research focuses on 
the advisability of using a helical evaporator [36] for the ORC plant. For the study of the expander we will follow 
the procedure described in previous papers [31-37], trying to define the more efficient device. Only the 
condenser is under evaluation. First, the possibility of using the existing radiator of the car has been 
considered, but due to the limited overall available dimensions a compact capacitor [38-42] is being studied.  
 
 
Table 5. R245fa operating specifications 
 

 
 
 
 
 
 
 
 
 
 
 

4.1. Condenser design procedure 

The chosen configuration (Figure 9) is the “circular tube fin”. It has several advantages such as reduced weight, 
better temperature control and easier transport. The type of tube is often chosen to reduce losses [28,29]. The 
inner diameter of the tube is 8 mm, the fin length is 3 mm, the tube thickness is 1 mm and the distance between 
two consecutive fins is 2 mm. The staggered arrangement is triangular, to avoid interference problems, and 
the distance between each arrangement center is 17 mm (the distance will be called pt or pl if it is from tube to 
tube or from tube to the outer shell). After the number of tubes is set, the width, thickness, and length are 
defined. At this point, we must distinguish what happens in the mono-phase or the two-phase condensation. 
The analysis will be conducted for both the working fluid (inside) and the water (outside). 
 
 
 
 
 
 
 
 

 

Figure 9. Reference scheme. 

 
4.1.1 Monophasic Condensation 
 
Working fluid side 
The fluid characteristics (viscosity coefficient, thermal conductivity, etc.), were derived from the Coolprop 
library. First, the enthalpy difference is calculated to compute the thermal exchange. Then, the LMTD is derived 
with the HEM method. It is now necessary to compute the overall heat coefficient U to find the required 
exchange area. To compute the coefficient U we have to introduce the basic dimensionless numbers: 
Reynolds, Nusselt, Prandtl, and Froude. Once all quantities have been defined, the following procedure will 
be used. 
 

1. The Prandtl number is calculated, and secondly, the calculation of the fluid velocity inside the pipes is 
evaluated, permitting the evaluation of the Reynolds number, which leads to the Nusselt numbers. 

Mass flow rate [kg/s] 0.13 
Evaporator inlet temperature [K] 301 
Evaporator outlet temperature [K] 383 
Condenser inlet temperature [K] 370 
Condenser outlet temperature [K] 301 
Condenser inlet pressure [Pa] 170000 
Water inlet temperature [K] 293 
Water outlet temperature [K] 301 
Pump required power [W] 100 
Power output [W] 2000 

d d 

p 
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2. After computing the Nusselt numbers, it is then possible to estimate the "hi" that is the heat transfer 
coefficient. 
3. Finally, it is necessary to introduce the areas. When the numbers of tubes are known, where Ns is the 
number of pipes where the mass flow condensate, Nr is the numbers of transits of the same bundle of 
tubes, and the total number Nt, the geometrical properties can be calculated. The inner area of the pipes 
is: 

 
𝐴𝑖    =  𝜋𝑑𝑖  𝐿1 𝑁𝑡          (1) 
 
and the minimum free flow area is: 
 

𝐴0,𝑖  =
1

4
𝜋 𝑑𝑖 𝑁𝑠           (2) 

 
Cooling fluid side 
 As previously mentioned, the characteristics of the fluids are derived from the Cool- prop library. The main 
areas (external pipes side) are the Ap, the primary area, the fin area Af and the heat transfer surface area A0. 
The primary area is the difference between the pipe surface area and the area blocked by the fins. The A0 is 
the total heat transfer area, computed by the sum of the primary area and the fin area. Another important 
parameter to determine is the minimum areas among the pipelines, where the water flows. If a triangular 
configuration is chosen [29], it is possible to consider that surface, as a flat surface.  
 
 
 
 
 
 
 
 
 
 
Figure 10. Minimum area description of the condenser. 
 
 
4.2. Biphasic Condensation 
As the condensation process proceeds along the pipes, the working fluid velocity decreases. At first, the 
condensation will occur on the wall of the pipes, then layer by layer, the liquid phase will increase. When the 
fluid is condensing, its thermodynamic characteristics change. The same procedure for the mono-phase has 
been adopted, introducing some necessary changes [40-44]. The evolution of the working fluid, from quality 
“0” to quality “1”, has been divided into four-parts. 
1. Part one, when the quality x is within 0 ÷ 0.75. 
2. Part two, when x = 0.75 ÷ 0.5. 
3. Part three, when x = 0.5 ÷ 0.25. 
4. Part four, when x = 0.25 ÷ 0. 
Similarly, for the cooling fluid side, there will be four corresponding stages. The four stages of the cooling water 
have been computed, if every property is changing linearly. From the working fluid side, the Martinelli 
parameter is introduced to compute the Nusselt number. The formulae used for the R245fa is: 
 
𝑁𝑢 =  0.023𝑅𝑒0.8 𝑃𝑟0.3 𝑔(𝑋𝑡𝑡)          (3) 
 
4.2 Design results 
The system geometry has been defined respecting the required constraints. A square configuration of the 
condenser has been chosen. The previous Figure 10 represents the simulated condenser. Streams numbers 
1 and 2 are the inlet and outlet of the working fluid, and streams 4 and 5 are the inlet and outlet of the cooling 
fluid. Stream 3 is the refill of the fluid; in this case, it is not considered, but it is important to mention the fact 
that this opportunity exists. Table 6 reports the operating specifications of the main streams. After numerous 
iterations, the optimal solution has been found. The considered configuration is a compromise between a 
reasonable pressure drop and the smallest area. All data and a representation of the condenser are, 
respectively, reported in Table 7 and Figure 11 
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Figure 11. The condenser’s chosen configuration. (a) actual disposition in the condenser assembling, (b) 
triangular configuration characteristics, (c) finned pipe representation. 

 

Table 6. Condenser Streams.   

 Stream n◦ 1 

Temperature (K)  383 
Pressure (kPa)  610 

 Stream n◦ 2  

Temperature (K)  346 
Pressure (kPa)  606 

 Stream n◦ 3  

Temperature (K)  332 
Pressure (kPa)  101.3 

 Stream n◦ 4  

Temperature (K)  301.2 
Pressure (kPa)  170.3 

 

Table 7. The condenser’s main dimensions. 

L1 
(m) 

0.22 

L2 
(m) 

0.22 

L3 
(m) 

0.18 

di 
(m) 

0.007 

dr 
(m) 

0.01 

df 
(m) 

0.014 

Pt 
(m) 

0.016 

Pl 
(m) 

0.016 

S (m) 0.002 

tf (m) 0.0003 

Nr 16 

Ns 14 

Ntot 16 × 14 = 224 
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Figure 12. Condenser 3D assembled view. 

 

Finally, the procedure adopted for the design is satisfactory. In fact, given that one of the constraints is the 
limited space inside the vehicle (the design philosophy is, remember, not to modify the vehicle and to use, 
when this is possible, all the existing devices and components), the exchanger obtained is small and can be 
easily inserted inside the vehicle, as will be described in the following paragraph. 
 

5. The On-Board configuration of ORC cycle 
An empirical method has been used to demonstrate that the proposed ORC system can be mounted on a 
vehicle. In the considered commercial vehicle, respecting the available spaces and volumes, the tank has been 
replaced and modified. For the positioning in the vehicle, since the HRSG has not been measured (at present), 
it has been assumed to be the same size as the condenser. It is known that the HRSG device is usually smaller 
than the condenser. Figures 13 represent the possible plant configuration in a commercial vehicle. It is 
important to remember that it is necessary to realize an auxiliary circuit for the water cooling. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 13. Proposed on-board ORC assembled plant configuration view. 

 

Future Developments and Conclusions 
The next steps in the realization of the vehicle and therefore for the completion of the project, the electrical 
part is now testing. The compressor side tests have almost been completed and have given satisfactory results 
and in line with what was assumed and chosen. On the turbine side, the test bench has been assembled, 
which involves the use of a rechargeable battery of about 17 kWh, and once the electrical connections have 
been completed, will be tested.  
At the same time, the expander and evaporator for the ORC group will be designed, always trying to respect 
the overall constraints imposed by the chosen vehicle.  As far as the expander is concerned, we will opt for a 
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compact solution and consequently the choice could fall on a dynamic expander or most likely on a rotary 
volumetric, screw type. For the evaporator, the opportunity to create a helical heat exchanger coaxial to the 
turbine exhaust pipe is being studied, to reduce the size as much as possible. 
In conclusion, a very important and “innovative” aspect was the possibility of creating, as part of the 
electrification process of the power train for the mild hybrid, a “direct coupling” between the electric motor and 
compressor, and to optimize all waste energy fluxes of the vehicle. All these are thanks to the design of a new 
electric motor, operating at high rotational speeds, which are characteristics of turbomachinery. The 
redesigned turbine (now separated from the compressor) has confirmed to be less problematic than the 
compressor. The turbine can now use all the enthalpy drop of the ICE exhaust gases and operate at lower 
speeds. As a result, the connected electrical equipment is less complicated, compared to that designed and 
built for the compressor. The tests - cold site - validate the design choices and the further turbine ones - in 
case of positive results - confirm and "freeze" the electrical configuration. Then, thanks to the characteristic 
configuration of the turbine (no wastegate valve), the total exhaust gases can be used for generate additional 
energy by ORC plant. The bottoming ORC systems has to be completed, from a design point of view. Actually, 
the condenser realization is "on going". Once realized, a "substitute" circuit will be realized to simulate the 
operational conditions. The simultaneously design of expander and evaporator will conclude the design 
process. Last step will be to implement all devices and test the vehicle on the road. 
 

Nomenclature 
C Compressor 

EM Electric Motor 

EG Electric Generator 

ICE Internal Combustion Engine 

m Mass flow rate [kg/s] 

p Pressure [bar] 

P 

Q 

Power [W], Pump, Pressure gauge 

Volumetric flow rate [m3/s] 

r Radius [m], Resistance [Ω] 

rpm Revolutions per minute 

Rρ Reaction degree 

T Temperature [K], Turbine 

V Velocity 

 Greek Symbol  

β Compression ratio 

χ Hub to shroud ratio 

δ Blockage factor 

ε Diameter ratio 

η Efficiency 

ε Flow coefficient 

ω 
p 

Rotational speed Density 

[kg/m3] 

Ψ Load coefficient 
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Abstract: 

In electric vehicles, the Heating, Ventilation and Air-Conditioning (HVAC) function is often performed by a heat 
pump. Heating and cooling the cabin air drains energy directly from the vehicle’s battery. In addition, these 
vehicles may operate in environments with high level of air pollution. In the cabin, passengers are confined to 
a small space where particles and harmful gases can accumulate. In addition, the ventilation system must also 
handle the air which does not enter the cabin through blower operation. This “infiltration” is a function of the 
vehicle speed and allows pollution to enter the cabin without being filtered or thermally treated. 
The objective of the study is to optimize the competing goals of the HVAC system: achieving the best air quality 
while maintaining good thermal comfort, at minimum energy costs. 
A system simulation tool is calibrated to represent the heating and cooling of an electric car. With this model, 
the influence of key factors is evaluated. Depending on ambient conditions and other parameters (number of 
occupants, vehicle speed, etc.), the blower flow rate and recirculation ratio can be adjusted to reach the 
objectives. The management of the proportion of fresh and recirculated air allows to regulate the humidity and 
carbon dioxide levels. Optimum controls are proposed as good trade-offs to reduce the power consumption, 
while maintaining a safe and comfortable environment for occupants. Compared to the full fresh air mode, the 
driving range gains are estimated in cold (−15°C) and hot (30°C) scenarios at 9 and 26 km respectively. 

Keywords: 

Ventilation; Filtration; Heat pump; HVAC; Driving range. 

1. Introduction 
Heating and cooling of the vehicle cabin is an important feature, and its design can vary a lot based on the car 
model. It depends on cabin size, vehicle-mounted actuators, materials, and occupants (in terms of both 
perception and changes in thermal environment). In full electric vehicles, the motor efficiency leads to low heat 
losses. Contrary to thermal vehicles, this waste heat is not enough to heat the cabin. Previous research [1] 
shows that the HVAC system of electric vehicles can reduce the driving range by 35% to 50%, depending on 
weather conditions. There are other options to reduce the HVAC system’s energy usage, for example by using 
reversible heat pumps. A key advantage of the heat pump is its ability to provide more heat output than its 
electrical consumption. This is made possible by its ability to absorb energy from the environment, even in cold 
or hot conditions. This solution is already implemented in Tesla vehicles, Renault ZOE, or also as an option in 
the Volkswagen ID series. 

The heat pump is integrated to the HVAC module, with other main components as the blower and the 
recirculation flap. Figure 1 illustrates typical airflow within a passenger car. The air inlet is often found near the 
base of the windshield, where the blower forces the outside air into the cabin. The outlet is generally a 
decompression flap located in the car body near the rear trunk. As an alternative or complement to the fresh 
air intake, the vehicle also has a recirculation mode. Furthermore, there is the infiltration phenomena, which 
occurs due to the air entering the cabin through small openings in the (not airtight) car body and this is caused 
by the air resistance of the vehicle. This infiltrated air is not thermally treated by the HVAC system. 



 

 

 

Figure 1.  Overview of airflows inside a car cabin. 

The global objective of the HVAC system is to provide a comfortable environment for the driver and the 
passengers. Thermal comfort can be characterized as a feeling of harmony with one's surroundings. Comfort 
in a closed environment is well documented, with many articles focused on the building sector. A passenger 
car cabin is significantly different because it has a small volume (generally less than 5 m3) and can hold several 
passengers. In addition, driving a car requires a certain degree of attention. It is preferable to feel comfortable 
in order to prevent weariness, and thus a decline in driving ability. Fojtlín et al [2] links driver fatigue to different 
temperature settings. Heat stress has been found to negatively affect driver skill. 

According to a standard [3], the human comfort depends on six parameters: human metabolism, clothing 
insulation, relative humidity, temperature, radiation, and air flow velocity. Thermal comfort, however, is a 
complicated idea that is challenging to guarantee and is not restricted to the aforementioned factors. This is 
because it’s a mix of subjective, psychological and socio-cultural factors [4]. 

Assuming a comfortable temperature, the level of relative humidity for people should be between 30% and 
70% (preferably in the range 40-60%) [5,6]. A low humidity level can irritate the eyes and throat and dry the 
mucous membranes and nasal passages. A high relative humidity can reduce the evaporative cooling of the 
body through sweating, causing a suffocating sensation. It also promotes the growth of fungi and leads to other 
moisture related problems. Experimental research [7] measures the comfort and fatigue of passengers in a 
cabin under different environmental settings and shows that an excess of water (humidity above 60%) 
increases the rate of fatigue related complaints, particularly on the eye dryness sensation and visual fatigue. 

Moreover, air renewal, an essential component of comfort, has not yet been considered. The interior air must 
be changed frequently, to enable the removal of odours, contaminants, water vapour, and CO2 (Carbon 
Dioxide) emitted by the materials and occupants. Monitoring the CO2 concentration is one way to assess how 
well a ventilated space is perceived by humans. Carbon dioxide serves as a reliable indicator for biological 
effluents (i.e., odours) that are known to be unfavourable for comfort. Then, besides the comfort, the HVAC 
system plays an important role in keeping the driver at their full capacity. It is therefore important that 
temperature, humidity and CO2 levels are regulated together in the vehicle’s cabin. 

The literature review reveals different solutions to either reduce the energy consumption, enhance the comfort, 
or improve the air quality in a vehicle cabin: air renewal [8], efficient filters [9], air purifier [10], catalytic 
conversion [11]. All the filtration and air treatment solutions mainly address the air quality issue, not the energy 
management nor the thermal comfort since CO2 and humidity are not filtered. Some solutions are attractive for 
their field of application, but their use in a car cabin is often limited by a drawback on another aspect. For 
example, the use of recirculation mode to reduce the energy consumption should be used with caution because 
of the risk of high carbon dioxide levels. There are several good concepts, but with a single objective (limited 
scope). The literature review does not reveal any complete solution for air quality, energy savings and thermal 
comfort. 

2. System modelling with holistic approach 
To evaluate the HVAC system of an electric vehicle, a simulation tool is developed. It is a multi-physics model 
based on numerous individual elements: blower, filter, cabin, etc. All individual elements are connected to 
represent the complete system: the holistic approach focuses on a macro scale level. The model contains all 
necessary elements of the heating, ventilation and air-conditioning (HVAC) of a vehicle cabin, exposed to 
various external interactions. This model will be used to evaluate different strategies for the HVAC system. 

2.1. 1D simulation tool 

For the present work, a 1D simulation level is considered. It appears to be the most suitable tool to achieve a 
good trade-off between computational time and accuracy of results at a system level. Neither the time required 
to build such a model nor the chosen system approach is compatible with a 3D simulation tool. In addition, a 
bloc modelling with transfer function requires many calibration data without offering sufficient robustness in the 
results. With a 1D model, the geometry of components is simplified and only one spatial dimension is 
considered (commonly in the flow direction). It allows completing transient or stationary scenarios with a fast 
computational time. 



 

 

GT-Suite, a software developed by Gamma Technologies is selected for this task. It is a well-known software 
for system modelling at a 0D/1D level in the automotive domain. At each time step, the solver integrates the 
conservation equations (mass, energy and momentum) in space and time. 

The complete HVAC system is depicted in the model as shown in Figure 2. It can be divided in two main parts: 
the heat pump (left side of the figure) and the cabin air circuit (right). 

 

Figure 2.  Overview of the complete simulation model in GT-Suite. 

2.1.1. Heat pump model 

This model is based on a Renault ZOE architecture, which remains a common structural design for electric 
vehicles. The elements of the heat pump circuit are a compressor, an accumulator, two heat exchangers, a 
four-way switch, two expansion valves and some piping elements. The refrigerant working fluid is R134a. 

The cabin temperature is regulated by adjusting the compressor speed. This compressor is modelled from a 
GT-Suite template with a map-based approach relying on measured performance data. The refrigerant fluid is 
guided by the four-way switch from the compressor to the condenser. 

In heating mode, the condenser is on the cabin side and the evaporator is on the outside air side. It is the 
opposite in cooling mode. The two heat exchangers are interacting with either the outside air circuit or the 
cabin air circuit. The outside air circuit is connected to ambient air conditions (pressure, temperature, humidity), 
with flow rate depending on vehicle speed (additional wind speed is assumed to be 0). For both heat 
exchangers, predictive correlations are used to compute Reynolds and Nusselt numbers during a simulation. 
The fluid phase changes are resolved in the exchangers with computation of the resulting variations in heat 
transfer coefficients. 

The refrigerant fluid exits the condenser to enter the thermal expansion valve. It manages the flow rate of 
refrigerant released in the evaporator, thus controlling the superheat. Finally, the heat pump circuit is 
completed by a 1L accumulator upstream the compressor. 

2.1.2. Air circuit model with mono-zone cabin 

Like the heat pump circuit, the cabin air circuit is built with several components. The inlet of air from the outside 
is upstream the recirculation flap. This flap manages the amount of air coming either from the outside 
environment or back from the cabin. The next element after the recirculation flap is the blower and it drives the 
circulation of the airflow. Before entering the cabin module, the air is either heated or cooled in the heat 
exchanger connected to the heat pump circuit. From the cabin, the outlet is either the recirculation path or the 
outside environment. 

Finally, an inlet is connected to the cabin element to represent the inlet of air directly from the outside into the 
cabin vehicle. This is called infiltration. This air, neither filtered nor set at proper temperature, can have great 
influence on the thermal balance (and air quality) in the cabin. The modelling and calibration of the infiltration 
flow rate is detailed in a previous study [12]. 

The cabin is a mono-zone volume based on the generic GT-Suite module to compute the thermal balance 
inside a medium size vehicle cabin. The mono-zone model implies that there is complete homogeneity inside 
the cabin. This approach against multiple volumes or CFD is motivated by fast computational time and less 
number of inputs required. 



 

 

2.1.3. Humidity calculations and windshield condensation 

Modifications are made in the model to consider further humidity calculations. It is a comfort parameter for 
occupants and a safety factor considering the condensation on front windshield and side windows. The 
objective is to have an accurate prediction of the humidity level and condensation risk in the cabin. 

With that purpose, the standard GT-Suite windshield model is improved to include a variable heat transfer 
coefficient. A moving vehicle implies an air movement on the external surface of the front windshield, thus 
suggesting heat transfer by convection mode. The convective heat transfer coefficient can be calculated using 

the Nusselt number equation, as in Eq. (1), where 𝐿𝑐 is the characteristic length of the windshield. 

𝑁𝑢 =
ℎ.𝐿𝑐

𝜆
, (1) 

To simplify the model, no wind is considered. Hence, air velocity on windshield is equal to the vehicle speed. 
This improved convection heat transfer model allows a more accurate prediction of the windshield surface 
temperature, which plays an important part in the condensation risk assessment. 

Assuming that all the water in the air above saturation condenses from gas into liquid, the condensation mass 
(mass of water per mass of dry air) can be computed with the mixing ratio as in Eq. (2). 

if 𝑋𝑤 > 𝑋𝑤𝑠 then 𝐶𝑚(𝑔𝑤𝑎𝑡𝑒𝑟 𝑘𝑔𝑑𝑟𝑦 𝑎𝑖𝑟⁄ ) = 𝑋𝑤 − 𝑋𝑤𝑠, with: 𝑋𝑤(𝑔𝑤𝑎𝑡𝑒𝑟 𝑘𝑔𝑑𝑟𝑦 𝑎𝑖𝑟⁄ ) =
𝑀(𝐻2𝑂)

𝑀(𝑎𝑖𝑟)

𝑥𝑤

1−𝑥𝑤
 

and 𝑋𝑤𝑠(𝑔𝑤𝑎𝑡𝑒𝑟 𝑘𝑔𝑑𝑟𝑦 𝑎𝑖𝑟⁄ ) =
𝑀(𝐻2𝑂)

𝑀(𝑎𝑖𝑟)

𝑃𝑤𝑠

𝑃𝑡𝑜𝑡−𝑃𝑤𝑠
 (2) 

Besides the calculation of the condensation mass, a complementary factor is created in order to have a second 
option to evaluate the creation of condensate. More precisely, it is made to estimate the risk of fog formation 

on the glass surfaces inside the vehicle’s cabin. This factor, so called 𝐹𝑜𝑔 𝑟𝑖𝑠𝑘, is based on the calculation of 
relative humidity on the glass surfaces, as in Eq. (3). 

𝐹𝑜𝑔 𝑟𝑖𝑠𝑘 =
𝑃𝑤

𝑃𝑤𝑠
, (3) 

The partial pressure of water vapour (𝑃𝑤) is obtained with Dalton’s law (𝑃𝑤 = 𝑃𝑡𝑜𝑡 . 𝑥𝑤) where the mole fraction 

of water is taken from the mono-zone cabin air. The partial pressure of water vapour at saturation (𝑃𝑤𝑠) is 
calculated from the saturation tables, in which the temperature is taken at the wall of the involved surface 
(e.g., windshield temperature at cabin side). According to the definition of the factor: 

▪ There should be condensation if 𝐹𝑜𝑔 𝑟𝑖𝑠𝑘 is above 100% 

▪ There should not be condensation if 𝐹𝑜𝑔 𝑟𝑖𝑠𝑘 is below 100% 

The fog risk factor gives additional information to the computation of condensation mass. On one hand if the 
condensation mass is zero, the fog risk factor gives an assessment to know the margin before condensation: 
the situation is more perilous with a 99% fog risk rather than a 1% risk. On the other hand, if the condensation 
mass is strictly positive, the fog risk factor gives knowledge about the closeness to regain a clean windshield: 
condensation with a 101% fog risk is easier to remove than condensation with a 150% fog risk. 

The main limitation in the calculation of the condensation mass and the fog risk factor is the mono-zone 
approach. Indeed, the whole air volume inside the cabin is seen as one entity. There is no possibility to 
separate or orient the air flow driven by the blower. For instance, Figure 3 displays a photo of the windshield 
during an experiment made in the scope of this project. There is condensation on a major part of the windshield, 
besides a small area highlighted in the picture (zone A). This is explained by the air blown in this direction from 
the vent grid located at the bottom of the windshield. Locally, the humidity conditions do not trigger 
condensation while compared to the rest of the windshield. Such a phenomenon cannot be evaluated with the 
simulation model as is. So, the condensation mass and the fog risk factor only give a global evaluation. 

 

Figure 3.  Evidence of condensation on the windshield during an experiment. 



 

 

2.1.4. Thermal model 

There is a thermal interaction between the air flowing through the cabin, the internal elements and the outside 
environment factors (sun, wind). The modelling of the cabin involves many processes, showcased in Figure 4. 

 

Figure 4.  Model of the thermal behaviour of a car cabin. 

The mono-zone modelling implies that the air temperature is homogeneous inside the whole cabin. The cabin 
characteristics are imported in the simulation code. A standard three-layer material is selected for doors, floor 
and roof: polyamide, polyurethane and stainless steel. Material properties like mass and geometry (thickness 
and surface area) are adjusted to match the characteristics of a Renault ZOE. 

A solar view factor describes the portion of solar flux reaching each part of the cabin. The sun is considered 
to be at full height (90°C) for all simulations. Hence, the solar flux mostly affects the roof and the windshield 
while the side and rear parts of the car experience a lower impact. An absorptivity coefficient (0.4) and an 
emissivity coefficient (0.96) are introduced to represent the solar effect on the outside of roof and doors. 
Another set of coefficients is used for the glass windows (0.15 for absorptivity and 0.9 for emissivity), with the 
addition of a transmission coefficient (0.7). 

The modelling of the cabin floor thermal interaction is obtained with convection at both sides: internal and 
external. Heat rate through the three-layer floor material is calculated with conduction. Similar modelling is also 
possible for the roof and side doors of the cabin, with the addition of the solar flux on the external side. This 
modelling is also the same for all glass surfaces (windows and windshield) but with a single layer instead of a 
three-layer material. The thermal effect on the internal lumped material of the cabin is governed by the solar 
flux coming through the glass surfaces. Finally, two heat sources are included in the cabin: 

▪ 100W that represents the heat coming from the electrical motor and the dashboard auxiliaries 

▪ 75W per person, which is the heat input from occupants [13,14] 

2.1.5. Passenger model 

In the model, the number of occupants is multiplied by the amount of heat, CO2 and humidity emitted by an 
average adult. A CO2 injector placed in the cabin volume simulates the exhalation flow rate from the occupants: 
CO2 mass flow rate of 18.75 L/h. This value is an average for one human adult in normal seated activity level 
(e.g. office work, paper reading, driving…) [15]. The variability of CO2 exhalation flow rate can be widely 
discussed as it is influenced by numerous factors, like age, metabolic rate, stress level, activity level, etc. 

Breathing and sweating of the occupants is also a source of humidity. This is highly dependent on the ambient 
conditions (temperature and humidity) and human factors (clothing, activity level, metabolism, age, weight, 
etc.). Average values and models are found in the literature [16–18]. The main factors of influence that are 
relevant are the temperature and humidity. In the model, different cases are implemented depending on 
outside conditions: 30 g/h in cold condition (below 10°C), 50 to 65 g/h in standard condition (around 20°C and 
50% of relative humidity) and 100 g/h in hot and humid condition (above 30°C and 65% of humidity). These 
values are fixed for the duration of a simulation, i.e., there is no dependence with cabin temperature. Lastly, 
the model considers that this H2O source is emitted in pure vapour condition (and not liquid). It has a direct 
impact on the cabin humidity level, with consequences on the performance of the heat exchanger (e.g., 
condensation) connected to the heat pump circuit. 

2.1.6. Ventilation strategies: opti-CO2 and opti-H2O 

In the cabin air circuit, the ratio of fresh air against recirculated air is controlled by the recirculation flap. Control 
of the recirculation ratio is required to reduce the energy consumption, particularly in rough environments with 
extreme temperatures. It can be set at a predefined variable or constant value for a simulation scenario. For 
safety and health concerns, a full recirculation mode is not possible. Two additional modes are created in the 



 

 

model: “opti-CO2” and “opti-H2O”. In both cases, the opening of the recirculation flap is controlled by a PID 
regulator. The idea is to find a trade-off between moderate energy consumption and safe air inside the cabin. 

In the opti-CO2 mode, the recirculation flap is regulated between its two extreme positions to achieve a target 
CO2 concentration in the vehicle. As no regulation exists for vehicle in-cabin CO2 level, a standard limit value 
between 1100 and 2000 ppm can be selected to keep passengers in a comfortable and safe space. According 
to an experimental study [19] this level is not associated to health risks, but is the baseline to first signs of 
cognitive dysfunctions (e.g. lack of concentration). The ASHRAE guideline [20] states that the comfort limit for 
air renewal in a closed space is strongly correlated to a CO2 level below 1100 ppm. This limit can be discussed 
for a vehicle application, where the level and duration of exposure can be quite variable. 

Similar to the opti-CO2 mode, a control of the recirculation flap is implemented to limit the condensation issue. 
This opti-H2O mode is based on the variable that monitors the risk of fogging on the front windshield. The 
target of the PID regulator is a fog risk of 95% (5% margin before condensation). 

2.2. Calibration and validation with experimental data 

If available, the input model data is filled to match the characteristics of a Renault ZOE (eco2 phase 1). It is a 
full electric car (88 ch), with five doors and a cabin volume of 2.5 m3. In the scope of this project, different test 
campaigns (more than 20) are used to calibrate and validate the simulation model. Otherwise, the generic data 
provided by GT-Suite for similar sized-vehicle and components is used. This is as per the recommendation in 
the software manual and only considered if the input data is limited. Such data is mostly based on predictive 
correlations and literature models. Then, the calibration stage allows to adjust the parameters. 

A small sample of the validation tests are described in this article, and a separate paper focuses on the 
infiltration topic [12]. The idea is to compare the experimental results with the simulation results. The test 
conditions are then reproduced in the simulation tool. Given the large number of experimental evidence, only 
a few examples are shown in this paper. 

Figure 5 depicts the evolution of the CO2 and humidity concentrations in the cabin over time. The test is done 
with a parked vehicle (0 km/h) for a duration of one hour. The blower flow rate and recirculation ratio are fixed 
respectively at 180 kg/h and 94%. This ventilation condition leads to a rise of the CO2 and humidity 
concentrations in the cabin. Once again, the simulation tool gives similar results to the tests. 

 

Figure 5.  Sample of the validation of the simulation tool with experimental results regarding cabin CO2 
concentration and absolute humidity. 

These results are a part of larger experimental test campaigns, covering a diverse range of environmental 
conditions. It shows that the simulation tool can predict accurately the cabin state regarding temperature, CO2 
concentration and humidity level. 

3. Results and discussion 

3.1. Potential increase in driving range with the opti-CO2 strategy 

The traditional ventilation setting in a passenger car is the fresh air mode (0% recirculation). This configuration 
leads to a good amount of air renewal, but it is not optimised for the energy consumption of the HVAC system. 
In an electric vehicle, the heat pump energy required to heat or cool the cabin is drained directly from the 
battery, thus decreasing the driving range. Controlling the recirculation ratio is necessary to decrease the 
impact of the HVAC system, particularly in rough environments with extreme temperatures. For health and 
safety related concerns (CO2 intoxication), a full recirculation mode is not possible. The idea of the opti-CO2 

mode is to find a trade-off between a moderate energy consumption and safe air inside the cabin. 

Table 1 depicts the maximum recirculation ratio allowed to keep the cabin CO2 concentration below the target. 
These values depend on the number of occupants (and their CO2 emission), the blower flow rate, and the 
infiltration flow rate. If the CO2 target is increased from 1100 to 2000 ppm, the recirculation ratio can be set to 
a higher value. 
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Table 1.  Regulation of CO2 concentration with a blower flow rate of 200 m3/h and assuming no infiltration. 

 Stabilized volumetric recirculation ratio in opti-CO2 mode 

Number of occupants Target = 1100 ppm Target = 2000 ppm 

1 79% 90% 
2 61% 83% 
3 42% 75% 
4 21% 65% 
5 2% 57% 

 

The power consumption for heating and cooling is calculated using the simulation tool. Three ambient 
scenarios are compared: summer, winter, and spring. The outside temperatures are 30°C, −15°C and 19°C, 
respectively with a solar flux of 750, 250 and 500 W/m2. The heat pump targets a cabin temperature of 19°C 
in the case of winter and spring, and 25°C in the summer. The other simulation settings, along with the results 
regarding power consumption and driving range gain estimations are given in Figure 6. The range is roughly 
estimated using Eq. (4): 

𝑅𝑎𝑛𝑔𝑒𝑙𝑜𝑠𝑠 = 𝑅𝑎𝑛𝑔𝑒𝑚𝑎𝑥 −  
𝑅𝑎𝑛𝑔𝑒𝑚𝑎𝑥

1 + 
𝑆𝑝𝑒𝑐𝑟𝑎𝑛𝑔𝑒 ∗ 𝑃𝑜𝑤𝑒𝑟

𝑆𝑝𝑒𝑒𝑑

 (4) 

The maximum driving range is 300 km, with a specified range of 6.6 km/kWh and an average speed of 47 km/h 
as described in WLTC (Worldwide harmonized Light-duty vehicles Test Cycles). The “range gain” chart (Figure 
6) is calculated by subtracting the 𝑅𝑎𝑛𝑔𝑒𝑙𝑜𝑠𝑠

 of the given configuration to the common 0% recirculation case. 

Eventually for the three scenarios, the best trade-off between energy consumption and safe air environment 
is achieved with the opti-CO2 mode. Compared to the traditional “full fresh air” mode, the power gains of the 
heat pump in winter, spring and summer scenarios are respectively 14%, 19% and 38% (1100 ppm target). 
These gains are important because they can directly influence the driving range. In the 0% recirculation case, 
the range loss is estimated at 88, 26 and 85 km in the winter, spring and summer scenarios, respectively. 

 

 

Figure 6.  Power consumption (of compressor heat pump) needed for thermal comfort and impact on the 
driving range of an electrical vehicle. 

With the opti-CO2 mode at 1100 ppm, the driving range is increased by 9, 5 and 26 km compared to the full 
fresh air case. Increasing the opti-CO2 target from 1100 to 2000 ppm gives an additional range gain in the 
three scenarios: 8, 4 and 1 kms. These benefits must be weighed against the potential health risks caused by 
slightly higher CO2 exposure. The health aspect is not well documented, so it is difficult to give a precise health 
assessment in the range between 1100 to 2000 ppm. Besides, a different strategy could be applied to the 
HVAC system. In the simulation tool, the CO2 target is continuously fixed over time. A new control strategy 
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could set the target at a higher value in steady state mode, but provide periods of fully fresh air. Nevertheless, 
the results presented in this section give an idea of the influence of the CO2 target on increasing the driving 
range. The objective of the next subsection is to assess another risk inside the cabin: humidity accumulation. 

3.2. Humidity level and evidence of fogging risk 

The humidity level is evaluated with the simulation tool in simple scenarios. The objective is to establish the 
conditions under which condensation can occur on the glass surfaces inside the cabin. Different ambient 
temperatures are tested, from −10°C to +10°C, with a relative humidity of 85%. A moderate solar flux of 
250 W/m2 is also considered. The vehicle speed is set to 60 km/h for a duration of 10 minutes. A fixed speed 
is preferred rather than a realistic driving cycle to limit the variations due to infiltration. There are two occupants 
in the cabin. Each person emits water vapour at a 50 g/h rate. The blower flow rate is set to 200 m3/h, which 
corresponds to a medium blower position in a Renault ZOE. 

Different recirculation modes are compared, including the standard 0% and 100% fresh air modes. Depending 
on the vehicle speed, such ventilation settings can trigger infiltration. The infiltration flow rate is null in the fresh 
air mode, and at 20 m3/h in recirculation mode. An additional recirculation mode is implemented in the 
simulation: opti-CO2. The target of CO2 concentration in the cabin is fixed at 2000 ppm. With two occupants, 
the recirculation mode is activated during 425s. This is the time required to increase the CO2 concentration to 
2000 ppm. Then, the fresh air ratio is fixed to 5%. The main simulation results of humidity and fogging with two 
occupants are given in Figure 7. 

 

Figure 7.  Cabin humidity level and fog formation in the front windshield for three ambient temperatures, and 
three recirculation modes. 



 

 

The relative humidity in the cabin depends mainly on the outside temperature. In all cases, the relative humidity 
is dropping very quickly at the beginning of the cycle. In approximately one minute, the level drops from 85% 
to a value between 25% and 50%. At −10°C, the humidity ranges between 13% and 30% at the end of the 
simulation, which is just below the minimum requirement for comfort. At each step of increasing the 
temperature by 10°C, the relative humidity increases as well. At 0°C and 10°C, the comfort area is globally 
more achievable. The absolute humidity is kept below the comfort limit in all cases. Regardless of the 
temperature, humidity is increased by 17% when switching from the fresh air mode to the recirculation mode. 
It reaches 3.1 gwater/m3 at the end of the simulation. 

The amount of condensation on the windshield is also shown on Figure 7. It depends on the amount of water 
inside the cabin, and the wall temperature of the windshield on the cabin side. In fresh air mode, there is no 
condensation, regardless of the temperature. In recirculation mode, although there is less humidity at lower 
temperature, there is more condensation. It appears approximately one minute after the start at −10°C, and 
after five minutes at 0°C. During these iterations, the relative humidity decreases rapidly, but the absolute 
humidity increases. Once the absolute humidity reaches a sufficient level along the windshield temperature, 
there is condensation. At −10°C, it is up to 1.2 g at the end of the cycle, and 0.4 g at 0°C. However, at +10°C, 
there is no condensation. 

The analysis of the amount of condensation in the opti-CO2 configuration is very interesting. Until 425s, the 
condensation curve follows the 0% fresh air curve. This is because the vehicle is in recirculation mode to 
increase the CO2 level. At 425s, the condensation amount is 1.0 g at −10°C, and 0.2 g at 0°C. At this time, the 
CO2 concentration hits the target (2000 ppm). Then, the fresh air ratio is regulated at 5% to stabilise the CO2 
level. From 425s to 600s, the condensation amount decreases in opti-CO2 mode. At −10°C, it is down to 0.7 g 
at the end of the cycle. At 0°C, there is no more condensation after 550s. 

Inversely, in recirculation mode, there is still fog forming at the end of the cycle, the condensation amount is 
still increasing. Then, there is a large difference of condensation behaviour between the two configurations 
(opti-CO2 mode vs. recirculation mode). However, the change in fresh air ratio is not much (5% vs. 0%). It 
means that a slight change of the recirculation flap position can lead to a large change in fogging. 

A sensitivity analysis is made with the simulation tool. The responsiveness of the humidity level and the 
condensation amount against several parameters is summarised in Table 2. 

Table 2.  Influence of four parameters on the cabin humidity and amount of condensation. 

If …… increases (↗), then humidity level ……. and condensation …… 

temperature increases (↗) decreases (↘) 
fresh air ratio decreases (↘) decreases (↘) 
blower flow rate decreases (↘) decreases (↘) 
number of occupants increases (↗) increases (↗) 

 

Globally, there is a higher relative and absolute humidity in the cabin as the temperature increases. However, 
the level of condensation on the front windshield is higher for lowest temperatures. At +10°C, there is no 
condensation. Besides, for all outside temperatures, the recirculation mode leads to a higher level of humidity 
and a higher level of condensation. The fresh air mode prevents the appearance of condensation on the front 
windshield, even at −10°C. Then, the blower flow rate has a limited influence on the humidity level and 
condensation. A minimum flow rate is required to limit condensation, but the gains at high blower flow rates 
are small. Finally, as the number of occupants increases, the source of humidity in the cabin increases as well. 
This leads to a much higher level of humidity in the cabin, and a higher risk of fog formation on the windshield. 

3.3. Investigation of the opti-H2O strategy 

The opti-H2O is applied to a set of simulations with the ambient temperature −10°C. The objective is to obtain 
the ideal recirculation ratio in each situation. Different parameters are varied to obtain a wide range of results. 
The blower flow rate is set between 100 and 350 m3/h. The vehicle speed is fixed over time for each simulation, 
between 30 and 130 km/h. This allows the full spectrum of infiltration to be covered. Finally, the number of 
occupants is a major parameter for the humidity aspect. It is set between one and five. The other simulation 
parameters are fixed as described in Figure 8. In total, 180 simulations are performed: 6 vehicle speeds, 6 
blower flow rates and 5 number of occupants. The cycle duration (2400s) is long enough to reach stabilisation 
in all cases. The recirculation ratio at the end of the simulation is presented in the five contour plots of Figure 
8. Each map represents a single number of occupants, i.e., 36 simulations. The recirculation ratio at 2400s is 
given between 0 (full fresh air mode) and 1 (full recirculation mode). It should be noted that the fog risk might 
cross the 95% target during the transient stage of the cycle, thus condensation could appear. 



 

 

 

Figure 8.  Recirculation ratio in stabilised stage of opti-H2O mode at −10°C, depending on vehicle speed (x 
axis), blower flow rate (y axis) and number of occupants (map). 

In some cases (red stars), the 95% target cannot be reached even with 100% fresh air. The fog risk stays 
above 95% as there is too much humidity in the cabin. These cases are for a low blower flow rate combined 
with a high number of occupants and a high vehicle speed. These cases must be avoided to prevent continuous 
fog formation. In other cases (green dots), the 95% target cannot be reached event with 100% recirculation. 
These cases are not really an issue because the fog risk stays below 95%. It is possible to reach the minimum 
energy consumption without any risk of condensation. In the simulation, it occurs only with one occupant, at 
high blower flow rate and low vehicle speed. 

The analysis of the results can be divided in three parts. Firstly, as the number of occupants increases, the 
humidity level in the cabin increases as well. A higher amount of fresh air is required to avoid condensation. 
With five occupants, at a medium speed (50 km/h) and medium blower flow rate (200 m3/h), the recirculation 
ratio should be kept below 70%. With a single occupant in the cabin, whatever the ventilation settings, the 
recirculation ratio can be kept above 90% with a low risk of fog formation.  

Secondly, as the blower flow rate increases, the recirculation ratio can be increased. Indeed, the idea is to 
keep a certain amount of fresh air that enters the vehicle. For a fixed amount of fresh air, the recirculation ratio 
can be increased if the total flow rate increases as well. 

Finally, for a fixed blower flow rate, a higher vehicle speed tends to decrease the recirculation ratio. There are 
two impacts of a higher vehicle speed. On one hand, the infiltration flow rate increases. This brings more fresh 
air into the cabin, which helps for the condensation issue and also leads to a higher recirculation ratio. On the 
other hand, the windshield convection coefficient increases with speed. There is more heat exchange on the 
outside surface of the windshield, which leads to a colder temperature in the interior surface. At the end of the 
simulation, the interior windshield temperature is 6.6°C at 30 km/h, and −3.7°C at 130 km/h. A lower windshield 
temperature triggers the formation of condensation. This would lead to a lower recirculation ratio to avoid 
condensation. Due to the shape of the map, the impact of the convection coefficient is larger than the impact 
of infiltration: higher vehicle speed leads to lower recirculation ratio. 

3.4. Air quality considerations 

The air quality includes management of the CO2 and H2O species, but also the different pollutants in and out 
of the vehicle environment: volatile organic compounds (VOCs), fine and ultrafine particles (PM and UFP) or 
pollutant gases such as ammonia (NH3). Alongside the regulation of temperature, CO2 and humidity, the goal 
of the HVAC system is to provide a clean environment for the passengers. This function is performed by a 
filtration system, comprising of one or several filters. Then, the energy management strategy can influence the 
design of the filtration system. Depending on the pollution source (within the cabin or outside the car), the best 
position of the filter can be in the fresh air path or in the supply air path. In a small and closed volume, an 



 

 

interior pollutant can rapidly degrade the health of the occupants. Similarly, an external pollutant may expose 
passengers to a health risk. In both cases, the ventilation strategy alone cannot provide a safe solution. As 
shown in Figure 9, both the recirculation and fresh air modes have some drawbacks. The use of filter appears 
as a more sustainable solution. 

 

Figure 9.  Pros and cons of the different recirculation strategies. 

Most vehicles have a single filter placed on the supply air path. This approach, which allows to get rid of a 
proper portion of the pollutants, can be improved by introducing additional and more efficient High Efficiency 
Particulate Air (HEPA) filters. This high-end media has >99% efficiency against fine particles. Thereby, it can 
decrease the level of particulate matter exposure for the passengers. With this technology, the lifetime of the 
filter must be evaluated to have a durable system. An aged filter has a high differential pressure that can 
decrease the blower performance. So, the ventilation system could include an air quality control strategy, 
alongside energy and humidity optimization strategies. A smart cabin air Filtration system (Smart CAF) has 
been evaluated in a study [21]. 

4. Conclusion 
There is a difficult challenge with the ventilation system. In order to decrease the energy consumption to heat 
or cool the cabin, it is best to increase the recirculation ratio. However, it is not possible to have a prolonged 
full recirculation mode in the vehicle without having a high condensation risk and high concentration of CO2. 
Both the opti-CO2 and opti-H2O modes intend to maximize the recirculation ratio up to a safe level. 
Consequently, it reduces the power consumption of the HVAC system. The gains in driving range compared 
to the common fresh air mode result to only a few kilometres. This is particularly appealing for electric vehicles 
in cold or hot regions. In the opti-CO2 mode, the idea is also to provide good thermal comfort and keep the 
CO2 concentration in the cabin at a safe level. In the opti-H2O mode, the goal is to prevent the formation of 
condensation on the windshield. In a complete system, the opti-H2O mode should probably be prioritised over 
the opti-CO2 mode because it is a safety aspect for driving the vehicle. 

These modes are only tested with the simulation tool and it has some limitations. The main one is that it is a 
mono-zone model. In most vehicles, it is possible to orient the blower flow rate in different directions, including 
toward the windshield. This can be a strategy to manage the level of humidity near the windshield. 
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Nomenclature 
Cm Condensation mass (mass of water per mass of dry air), g/kg 

h  Convective heat transfer coefficient, W/m2/K 

Lc  Characteristic length of the windshield, m 

M() Molecular weight of species (), kg/mol 

Nu  Nusselt number, - 

ptot Total pressure of air, Pa 

pws Partial pressure of water vapour at saturation, Pa 



 

 

xw  Mole fraction of water, - 

Xw  Mixing ratio (mass of water vapour per mass of dry air), g/kg 

xws Mole fraction of water at saturation, - 

Xws Mixing ratio at saturation, g/kg 

Greek symbols 

λ  Thermal conductivity, W/m/K 
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Abstract: 

Industrial processes share a relevant portion of global energy consumption. Heat can be provided by solar 
thermal technologies aimed at the sustainable industry. A large variety of high energy-demanding industrial 
processes need hot air in the medium temperature range, provided by natural gas combustion or by electricity. 
Hot air is used as a medium in a large variety of processes such as drying, curing, and thermal treatments of 
several products and materials. Non-concentrating flat plate type solar collectors can directly heat air up to 
100 °C while higher temperatures can be achieved using linear concentrating technology. In this study an 
innovative system using linear Fresnel collectors directly provides hot air for the industry up to 350 °C, avoiding 
the need for liquid heat transfer fluids. Accordingly, the installation is simplified, and lower installation and 
maintenance requirements are expected compared to other solar technologies. The present studies provide 
an energetic and economic analysis of the concentrating solar air heater, considering a medium-scale 
benchmark as a reference case in Southern Europe locations. The results indicate that the solar technology 
here presented can be economically competitive with other solar thermal solutions, having a huge potential for 
fossil fuel source replacement in hot air based industrial processes. 

Keywords: 

Solar heat for industrial processes, linear Fresnel; solar air heater, thermo-economic analysis; solar drying 

 

1. Introduction 
Industry consumes more than one-third of global energy [1] and is responsible for a quarter of global 

emissions. The greater industrial energy demand is heat, followed by electricity, provided almost totally from 

fossil fuel sources. Industrial heat consumption is estimated at around 85 EJ at the global level and is almost 

completely provided from fossil fuel. The total heat demand for low and medium temperature applications (< 

400°C) accounts for 44 EJ, required by a large variety of industrial processes in any industrial sector.  

Aiming at decarbonization, solar thermal technologies are good candidates for replacing fossil fuel 

technologies in industrial heat production. Besides costs, space availability, and solar resource, the application 

of Solar Thermal (ST) technologies to industrial heat is limited by their operating temperature range. Flat Plate 

Collectors (FPC) and Evacuated Tube Collectors (ETC) are suitable for low-temperature heat requirements (< 

150 °C). Linear concentrating solar collectors are capable to provide heat at higher temperatures and efficiency 

than non-concentrating solar collectors e.g. [2] and they are receiving increasing attention for application to 

industrial processes [3]. Both Parabolic Trough Collectors (PTC) and Linear Fresnel Collectors (LFC) can 

provide heat in the medium temperature range (150 - 400 °C). 

Hot air is used as a medium (working fluid) in a large variety of processes such as drying, curing, and thermal 

treatments of several products and materials [4]. Hot process air can be obtained by heating ambient air 

“indirectly” through a heat exchanger which is fed by a proper heat transfer fluid HTF (thermal oil, steam, hot 

water). HTF is heated by a conventional heat supply. Another common option is to heat air “directly” through 

a burner so that heated air and exhaust gases are mixed and utilized in the thermal process.  

Linear concentrating collectors such as Parabolic Trough Collectors PTC and Linear Fresnel Collector LFC 

are commonly equipped with a heat transfer fluid HTF. Such are pressurized water, thermal oil, or steam, to 
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carry heat from the receiver tube that absorbs the concentrated solar irradiance and conveys it to the industrial 

process where it is needed. A heat exchanger is required to deliver heat to the processes when the heating 

medium differs from the HTF. 

Their application for hot air production has been rarely documented, e.g. [6] and [7]. They use an indirect 

scheme where an HTF/air heat exchanger HX is needed to heat the process air.  

An innovative scheme was proposed by [8] aiming at direct heating air inside the evacuated tube-type receiver 

of a linear concentrating collector. The theoretical analysis carried out revealed the feasibility of direct heating 

air in PTCs or LFCs under the appropriate range of solar field configuration. The pumping power needed for 

blowing air through the standard evacuated receiver tube rapidly grows with the solar field scale. To overcome 

this limitation, they propose to couple the solar field with an automotive turbocharger in a specific Brayton cycle 

configuration. The turbocharger allows operating with higher air density without consuming external auxiliary 

energy for pumping and blowing. A further numerical study [9] confirmed the technical feasibility of the turbo-

assisted concentrating solar air heater, in that case, using a linear Fresnel Collector. A prototype has been 

built and tested allowing the full characterization of the small-scale linear Fresnel solar field available, using 

only air as the heat transfer fluid [10]. It operated assisted by a commercial turbocharger for air pumping [11].  

The present study provides an energetic and economic analysis of the turbo-assisted concentrating solar air 
heater (T-SAH) applied to a generic process air heating case study, considering a -medium-scale benchmark 
as a reference. 

2. Turbo-assisted concentrating solar air heater  
According to the methodology detailed in [12], a benchmark solar field configuration is set. It is based on a 

commercial linear Fresnel collector [13], Fig.1. The solar field consists of 32 modules with 26.4 m2 of primary 

mirrors area, forming a total active area of 845 m2. The gross area of each module is 36 m2 which gives a 

gross area occupied by the installation of 1270 m2, including minimum spacing.  

The LFC is equipped with a standard evacuated receiver tube. An automotive turbocharger joins a compressor 

𝑐 and a turbine 𝑒 in a compact device with a common shaft, Fig.1. The compressor increases the air pressure 

up to 2 to 3.5 bar, according to operating conditions, before solar heating. Air velocities and stagnation pressure 

drops are minimized due to the increased density. After heating up to 450 - 550 °C, air expands through the 

turbine, which recovers the compressing power. This way no external auxiliary power is needed for air blowing. 

An auxiliary compressor is used for control and during starting transients only, with negligible yearly energy 

consumption.  

 

Figure. 1.  Benchmark turbo-assisted concentrating solar air heater plant T-SAH. 

 

Using a Typical Meteorological Year TMY, the delivered hot air stream and the thermal power delivered to the 

user are simulated for each hour of the year for a given location, resulting in a detailed yearly based 

assessment. The benchmark plant simulated is located in Madrid city, Spain. 

Figure 2 shows the behavior of the system across a typical summer clear day through the main operating 

parameters involved. Fig.2 (a) reports the temperature profile during the day in the main points of the air circuit 

according to Fig. 1. It can be noticed as the delivered air temperature is relatively flat around 𝑇4 =350 °C, 

thanks to the behavior of the turbocharger. The mass flow rate �̇�𝑎 varies according to the solar thermal power 

available. Pressurization imposed by the turbocharger reaches a pressure ratio of 𝜋𝑐 =
𝑝2

𝑝𝑎𝑚𝑏
= 3.5 at midday, 
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which allows the minimization of pressure drops across the solar field and enables the turbine to drive the 

compressor without external aid (freewheeling). Accordingly, the required inlet turbine temperature goes up to 

550 °C, while the receiver wall temperature 𝑇𝑤 does not overcome its thermal limit (𝑇𝑤,𝑚𝑎𝑥 = 600 °C). In spring 

and winter days both mass flow rate as well as operating temperature are lower, while the outlet air temperature 

is steadily above 300 °C.  

  

(a) (b) 

Figure 2 Turbocharged Solar Air Heater T-SAH performances vs. true solar time TST during a clear summer 

day. Solar field orientation N-S. TST: true Solar Time; T, p: temperature and pressure according to Fig.1; 𝑻𝒘𝟑: 

receiver wall temperature at tube outlet, 𝑻𝒘,𝒎𝒂𝒙 : maximum allowable receiver wall temperature; 𝒏𝒄,𝒄𝒐𝒓: 

turbocompressor (corrected) rotational speed; 𝜼𝒄 : compressor efficiency; 𝜼𝒆 : turbine efficiency; 𝝅𝒄 : 

compressor pressure ratio; 𝝅𝒆: turbine pressure ratio; �̇�𝒂: mass flow rate; 𝜼𝒕𝒉: thermal efficiency. 

Extending the simulation to the whole Typical Meteorological Year (TMY) annual results can be obtained. 

Oriented in the North-South direction and located in Madrid, Spain (40° 24' 59’’ N, 3° 42' 9’’ W) the solar field 

provides an annual energy yield 𝑄𝑎 = 500 MW h year−1 of thermal energy as hot air between 300 °C and 

400 °C, working 2880 h year−1, Tab.1. 

 

Table 1. Yearly energetic performances 

𝑨𝒕𝒐𝒕 m2 845 

𝒉𝑶𝑵 h 2880 

𝑸𝒂 MW h y−1 500 

𝑸𝒂/𝑨𝒕𝒐𝒕 kW h y−1m−2 592.1 

𝑸𝒂,𝒖 MW h y−1 491 

𝑸𝒅 MW h y−1 1600 

𝑺𝑭𝒚 - 0.3 

 

Although the previous results have general validity, in this analysis T-SAH delivers hot air to a specific thermal 

process, i.e. a medium-temperature drying process. The pre-existing conventional air heating device is 

assumed to be a natural gas burner, which is a common option in the industry. The burner sends to the process 

a mixture of combustion gases and air (referred to as hot air for simplicity) at the desired temperature, here 

assumed to be constant at 300 °C. 

At least two options are viable for the integration of solar hot air into the existing air heating system: series and 

parallel integration with the natural gas burner, Fig.3.  The integration concept chosen here is a parallel scheme 



where T-SAH and the burner provide hot air for the process as in Fig.3(b). Whenever solar air flow is provided 

by the solar field it is totally sent to the process, having a priority over the burner airflow. The latter is adjusted 

by controlling the mass flow rate and temperature in order to meet the process requirements in terms of thermal 

power and air temperature. This way the solar air flow enables a reduction of burner thermal power, resulting 

in natural gas savings. 

 

(a) 

 

(b) 

Figure. 3 Integration concept of T-SAH into air bases thermal process. i.e. drying: series integration (a); parallel 
integration (b). 

 

The thermal load profile of the process depends on the specific factory, its requirements, and production 
schedule. Although any load profile is possible, some common patterns are recognized. A typical case is 
having a constant thermal load for continuous production. Another option is having a daily variation of thermal 
load according to the working hours of the factory. This can include or not the weekend among the working 

days. Here the thermal load �̇�𝑑 is assumed to be 100% of the peak load �̇�𝑑,𝑝𝑘 = 400 kW, each day of the week 

including weekend days, from 7:00 a.m. to 6:00 p.m. During the rest of the hours thermal load is null.  

The thermal load profile is shown in Fig.4 together with the solar production profile �̇�𝑎 vs. the hours of the year 
for one week in summer Fig.4(a) and one week in winter Fig.4(b). The solar production interval and thermal 
load-interval are quite similar so that, even without thermal storage, the process can absorb almost all the solar 

thermal energy provided. The used thermal energy is in each hour �̇�𝑎,𝑢 = min (�̇�𝑑, �̇�𝑎). On annual basis 
𝑄𝑎,𝑢

𝑄𝑎
=

0.96. The solar fraction 𝑆𝐹 is the ratio between the �̇�𝑎,𝑢 and �̇�𝑑 in each time interval and indicates the amount 

of thermal load provided by solar. Fig. 4 reports on the second axis the SF for the selected weeks. It is clear 
that on summer days 𝑆𝐹 reaches up to 0.8, while it is much lower on typical winter days, 𝑆𝐹 < 0.5. On an 

annual basis, the solar fraction is 𝑆𝐹𝑦 = 0.3.  



 

(a) 

 

(b) 

Figure 4. Solar production and thermal load weekly profiles: (a) typical summer week; (b) typical winter week.  

 

3. Economy analysis 
The economic analysis is carried out on the benchmark plant of Fig.1. Estimations of the installation costs 

CAPEX and operating cost OPEX are obtained on the grounds of the current stage of development of the 

technologies and products involved. Levelized cost of heat (LCOH) and discounted payback period (DPB) are 

used as the main economic parameters for the analysis.  

Here it is assumed that solar-generated heat replaces the corresponding amount of convectional heat, 

generated by a natural gas burner.  



The evaluation of conventional energy cost evaluation is non-trivial. Natural gas cost for industrial consumers 

varies by country, besides varying with the consumption volume of the factory and time. The price volatility 

has increased in Europe in recent months as a consequence of the geopolitical situation and supply 

uncertainties related to the major gas suppliers. 

Eurostat [14] provides the natural gas price for “non-household” consumers across recent years in Europe. 

The “non-household” consumer definition includes industrial consumers and other large consumers with 

annual consumption above 1000 GJ (277 MWh), excluding powerplants and chemical process consumers. 

Non-household consumers are divided into six bands as reported in Tab.2. 

As a general trend of the averaged value, since 2008 the price trend was increasing until 2013 reaching a peak 

at 42 €/MWh in the first half of 2013, then decreased down to 28 €/MWh in the first part of 2021. In 2021-2022 

the prices have grown remarkably up to 65 €/MWh. Tab. 2 reports the recorded values for Spain and EU27 

countries during the first semester of 2021 and 2022 when a large price variation occurred. These values are 

considered as a span for the price variation in the following economic study. 

 

Table. 2.  Non-household natural gas price including taxes by consumption bands, 2021-2022, €/MWh 

  2021-S1 2022-S1 

Consumption 
band 

Annual consumption EU27 Spain EU27 Spain 

Band-I1 < 277 MWh 57.2 45.2 90.8 108.1 

Band-I2 277 – 2 770 MWh 48.3 39.6 81.6 89 

Band-I3 2 770 -  27 700 MWh 36.7 28.7 76.4 88.2 

Band-I4 27 700 - 277 000 MWh 29.7 27.1 76.2 93.3 

Band-I5 277 000 -1 108 000 MWh 27.7 28.1 87.7 92.1 

Band-I6 > 1 108 000 MWh  26.6 26.1 97.7 89.2 

 

 

3.1. LCOH 

The LCOH is the cost of the generation of thermal energy (Heat), hence the minimum price at which it must 

be sold to recover the cost of installation (CAPEX) and the costs of operation and maintenance (OPEX, here 

named 𝐶𝑂&𝑀) during the lifetime of the plant. It is defined in an analogous way as the Levelized Cost of Energy 

𝐿𝐶𝑂𝐸  used for electricity production financial analysis. Here it is assumed that 𝐿𝐶𝑂𝐻 is the cost of solar-

generated heat, substituting the corresponding amount of convectional heat, generated by a conventional 

heating system.  

According to IEA task 54, the 𝐿𝐶𝑂𝐻 can be estimated as follows, considering constant annual discount rates 

𝑟𝑑𝑖𝑠: 

𝐿𝐶𝑂𝐻 =
𝐼0 − 𝑆0 + ∑

𝐶𝑂&𝑀𝑛𝑦
(1−𝑇𝑅)−𝐷𝐸𝑂𝑛𝑦𝑇𝑅

(1+𝑟𝑑𝑖𝑠)𝑛𝑦

𝑁𝑦

𝑛𝑦=1 −
𝑅𝑉

(1+𝑟𝑑𝑖𝑠)𝑁𝑦

∑
𝐸𝑛𝑦

(1+𝑟𝑑𝑖𝑠)𝑛𝑦

𝑁𝑦

𝑛𝑦=1

 

 

(1) 

with 𝐼0: initial investment and in due case discounted end-of-life replacements; 𝑆0: subsidies on the installation; 

𝐶𝑂&𝑀𝑛𝑦
 yearly operation and maintenance cost, 𝑇𝑅: corporate tax in %; 𝐷𝐸𝑂: asset depreciation; 𝑅𝑉: residual 

value; 𝐸𝑛𝑦
: Annual energy yield; 𝑁𝑦: Lifetime; 𝑟𝑑𝑖𝑠 discount rate % year-1. 

The above expression results in the following simplified version when assuming 𝑇𝑅 = 0; 𝑅𝑉 = 0, and is used 
in this study. 

𝐿𝐶𝑂𝐻 =
𝐼0 − 𝑆0 + ∑

𝐶𝑂&𝑀𝑛𝑦

(1+𝑟𝑑𝑖𝑠)𝑛𝑦

𝑁𝑦

𝑛𝑦=1

∑
𝐸𝑛𝑦

(1+𝑟𝑑𝑖𝑠)𝑛𝑦

𝑁𝑦

𝑛𝑦=1

 

 

(2) 

 

Relevant parameters used are reported in Tab. 3. Initial investment 𝐼0 = 𝐶𝑆𝐹 + 𝐶0 has two main components. 



The solar field 𝐶𝑆𝐹 = 𝐴𝑡𝑜𝑡𝐶𝑆𝐹𝑢 cost plays the major role compared to other costs 𝐶0, including hydraulic and 

auxiliary equipment, control, and instrumentation. Solar field cost represents close to 90% of the initial 

investment. Although this is a common feature in solar installation, here is more evident since the auxiliary 

equipment is simplified thanks to the novel layout of direct air heating. The heat transfer fluid HTF and air/HTF 

heat exchanger are avoided with their related installation and maintenance costs.  

Table 3. Financial parameters 

Discount rate 𝑟𝑑𝑖𝑠 5% 

Operation and Maintenance 𝐶𝑂&𝑀  1% of initial investment 𝐼0 

Lifetime 𝑁𝑦 25 years 

Solar field cost per m2 𝐶𝑆𝐹𝑢 380-580 €/m2 

Other costs (hydraulic and auxiliary 

equipment, control and 

instrumentation… ) 

𝐶0 50 000 € 

 

The LCOH is obtained as a function of unitary solar field cost 𝐶𝑆𝐹𝑢, for the benchmark case having an annual 

energy yield of 𝑄𝑎,𝑢 = 491 MWh. It ranges between 61 €/MWh (𝐶𝑆𝐹𝑢 = 380
€

m2)  and 89 €/MWh (𝐶𝑆𝐹𝑢 = 580
€

m2), 

with an average of 75 €/MWh (𝐶𝑆𝐹𝑢 = 480
€

m2). The comparison with natural gas costs suggests as the adoption 

of T-SAH can be economically viable when natural gas cost stays above its average value.  

Fig. 5 shows the obtained LCOH in comparison with the natural gas cost for different consumption bands as 

in Tab. 2. The LCOH is higher than the minimum natural gas price so economic convenience is not guaranteed. 

When the natural gas prices are higher (as in 2022) the solar heat can be competitive or even cheaper. 

Besides, the smaller consumers suffer higher prices which can facilitate the adoption of solar energy solutions, 

but they must be able to consume all the solar heat provided by a flexible heat demand or via storage, not 

considered in this analysis. Considering the subsidies on the initial investment LCOH decreases: 48 €/MWh 

with 𝐶𝑆𝐹𝑢 = 480
€

m2 and the percentage of subsidies on the initial investment of 𝑠0 =
𝑆0

𝐼0
= 40%. 

 

Figure 5. LCOH and natural gas cost span (2021-2022) in EU27 and Spain. 

 

3.2. DPB 

Discounted payback time DPB accounts for the time value of the money, hence it discounts the actual cash 

inflow for each year at the defined discount rate. Discounted Payback time 𝐷𝑃𝐵 also depends on the cost of 

the conventional energy that is being replaced. A simplified equation is used for its evaluation are Eqs. (3) - 

(4). Yearly cash flow CF comes from natural gas costs avoided 𝐶NG and operation and maintenance costs 



𝐶𝑂&𝑀 . The conversion efficiency of natural gas burner is assumed unitary. 

 

𝐶𝐹 = Qa,u𝐶NG − 𝐶𝑂&𝑀  

 

(3) 

𝐷𝑃𝐵 =
ln (

𝐶𝐹

𝐶𝐹−𝑟𝑑𝑖𝑠 (𝐼0−𝑆0)
)

ln(1 + 𝑟𝑑𝑖𝑠)
 

 

(4) 

Due to the variability of the conventional energy source price, it is convenient to show the 𝐷𝑃𝐵 as a function 

of that price, as in Fig. 6. Three curves are shown representing the 𝐷𝑃𝐵 assuming a solar field cost 𝐶𝑆𝐹𝑢 =

580
€

m2 , 𝐶𝑆𝐹𝑢 = 480
€

m2 , 𝐶𝑆𝐹𝑢 = 380
€

m2 and considering the subsidies 𝑠0 =
𝑆0

𝐼0
= 40% of the capital costs. The 

DPB holds relatively high values, above 10 years in the actual range of natural gas prices. A decrease in LFC 

cost is required to lower the DPB either with subsidies or not. Considering an average natural gas price of 65 

€/MWh, 𝐷𝑃𝐵 = 12 years is obtained when the LFC cost drops to 𝐶𝑆𝐹𝑢 = 250
€

m2, without subsidies on the initial 

investment.  

 

 

 

Figure 6. Discounted Payback Time DPB against the natural gas cost, for different unitary solar field costs 
and subsides percentage on the initial investment 𝑠0 = 𝑆0/𝐼0.  

 

Conclusions 
A novel layout for solar heat production for industrial processes has been studied from the economic 
perspective according to the energy yield utilization. The innovative concept uses concentrating linear Fresnel 
collectors to implement a solar air heater able to heat directly ambient air up to 300-400 °C for its usage in air-
based thermal processes in the industry. An energetic analysis is carried out through numerical modeling of 
the solar heating system. A benchmark plant is configured and simulated across a typical meteorological year 
in Madrid city, Spain. The concentrating solar air heater is coupled with a thermal process, taking into account 
a parallel integration scheme and a given thermal load time profile. The simulation provides the annual 
performance of the solar facility in terms of energy provided and natural gas consumption avoided. An 845 m2 
solar field delivers to the process up to 500 MWh per year of thermal energy, corresponding to 30% of the 
consumption of the considered thermal process. The solar field allows for saving 52,000 Sm3 of natural gas 
and 104 tons of CO2 per year. The results indicate that the solar technology here presented can be competitive 
with other solar thermal solutions, having a huge potential for fossil fuel source replacement in hot air based 
industrial processes. 
An economic analysis is carried out to evaluate the investment and operation costs of the solar system. The 
Levelized cost of Heat and Discounted Payback time indicates that the solution proposed can be competitive 



with natural gas in the recent European price range, despite a reduction of solar field cost and sustained 
subsidies policy are required to improve economic feasibility. 
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Nomenclature 
 

Latin Subscripts 

𝐴  Aperture surface area [m2] 𝑎  Air 

𝑎𝑐 Auxiliary compressor 𝑎𝑚𝑏  Ambient 

𝐶𝐹 Cash flow a,u Useful 

𝐶NG Natural Gas cost 𝑐  Compression. Compressor 

𝐶𝑂&𝑀  Ôperation and Maintenance cost 𝑑  Demand, load 

𝐶𝑆𝐹𝑢 Cost of solar field per m2 𝑒  Expansion. Turbine 

𝐶0 Other costs 𝑖𝑛  Inlet 

𝐼0 Initial Investment 𝑜𝑢  Outlet 

�̇�  Air mass flow rate [kg s-1] 𝑡𝑜𝑡 Total 

𝑛 Turbocharger rotating speed [rpm] 𝑤  Wall 

𝑁𝑦 Lifetime [year] 0  Inlet from atmosphere 

𝑝  Pressure [Pa] 1  Compressor inlet 

�̇� Thermal power [W] 2 Compressor outlet 

𝑄 Thermal energy [J] 3 Turbine inlet 

𝑟𝑑𝑖𝑠  Discount rate 4 Turbine outlet 

𝑆𝐹 Solar fraction   

𝑆0 Subsidies   

𝑠0 % of subsidies on 𝐼0   

𝑇  Temperature [K, °C]   

𝑇𝑆𝑇 True solar time [hr]   

Greek    

𝜋 Pressure ratio [-]   

Acronyms    

HTF Heat Transfer Fluid   

DPB Discounted payback   

LCOH Levelized cost of Heat  

LFC Linear Fresnel collector   

PTC Parabolic Trough Collector   

SHIP Solar Heat for Industrial Processes  

T-SAH Turbocharged Solar Air Heater   
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Abstract: 

Several literature works have highlighted that the expansion of electrification across all sectors is a crucial 
factor in promoting the transition of energy systems towards carbon neutrality by mid-century. However, 
polygeneration systems through the appropriate integration of different renewable energy sources are 
expected to play an important role in such transition by effectively reducing the total primary energy demand, 
as explored in the present work for an energy community (EC) case study. Therefore, this paper presents the 
optimal synthesis, design, and operation of an EC system working under three different scenarios and 
evaluates the trade-offs between the total annual costs and greenhouse gas (GHG) emissions (evaluated as 
CO2 equivalent emissions). The EC is a District Heating and Cooling Network (DHCN) composed of nine 
third sector buildings in the northeast of Italy. The DHCN superstructure includes several possible energy 
supply components for each EC member, a central unit, and heat and/or cooling connections between 
buildings. Moreover, peer-to-peer electricity sharing is allowed among EC members, through a local 
electricity grid, before buying/selling electricity from/to the main grid. The superstructure was optimised 
through a mixed integer linear programming (MILP) model considering a multi-objective optimisation for the 
total annual cost (for owning, operating, and maintaining the entire system) and the total annual CO2eq 
emissions as the objective functions. The three scenarios through which the EC system is optimized and 
evaluated consider the type of consumed gas (natural gas or biomethane) and the electricity consumption 
configuration (on-grid or off-grid). Results have shown that the cost (per ton of CO2eq) to reduce emissions is 
too high if the European Union’s carbon market is considered. This was especially critic for the natural gas 
scenario, where the cost per ton of CO2eq (between two optimal solutions) was about four times higher than 
its cost on carbon market. 

Keywords: 

Polygeneration systems; Renewable energy sources; Energy community; Carbon neutrality; Multi-objective 
optimisation. 

1. Introduction 
The 2021/2022 global energy crisis was essentially the consequence from two main worldwide problems 
regarding primary energy: supply and prices. According to a report by IEA [1], such problems were ignited by 
several factors, including the economic recovery that started to take place as the Covid-19 pandemic 
progressively weakened in 2021 and the beginning of Russia/Ukraine war in February 2022. The result was 
a brutal energy prices increase [2] in comparison with pre-pandemic levels, followed by a substantial coal 
consumption growth [3]. The European Union (EU), deeply affected by a plunge in Russian’s gas supply, 
released a report [4] with a set of actions to avoid gas shortages in 2023 such as energy efficiency 
improvements of industries, and public and private buildings, deployment of renewables, and electrification 
of heat. 
The aforementioned context has highlighted the ever importance of primary energy savings. Among the main 
solutions the scientific community has developed, energy communities have arisen as an advantageous way 
for energy savings in different types of buildings. In a recent work [5], our research group
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studied the design and operation of an energy community (EC), comprising nine tertiary sector buildings, for 
a city in the northeast of Italy. Besides a reduction in total costs and CO2eq emissions, the implementation of 
peer-to-peer electricity sharing within the EC demonstrated the possibility of saving primary energy (natural 
gas, in this case) since the cogenerated and shared electricity among the EC members allows a substantial 
reduction in the total amount of electricity imported from the main electric grid. It is possible to find in 
literature not only other works dealing with EC optimisation for tertiary sector buildings [6], but also studies 
focused essentially on the same kind of work but aiming residential, commercial, and industrial buildings [7-
10]. 
In addition to primary energy savings, the report from EU [4] highlights also the importance of deploying 
renewables. This is a key concern for EU since it has fixed deadlines, through different pieces of legislation, 
to reach carbon neutrality by 2050. For instance, the EU 2030 target plan [11] aims a more ambitious and 
cost-effective direction to reach the carbon neutrality by 2050, without forgetting the encouragement for 
creating new green jobs and for stimulating international partners to also increase their carbon neutrality 
ambitious. As a part of the EU 2030 target plan, the so called “Fit for 55” package [12] proposes an 
ambitious target for decreasing the net greenhouse gas (GHG) emissions by at least 55% (of the 1990 net 
GHG emissions level) by 2030. According to the EU council [13], the package aims to create a balanced and 
coherent framework for attaining the EU's climate goals, while ensuring a just and equitable transition, 
promoting innovation and competitiveness of EU industry, and maintaining a level playing field with third 
country economic operators. Still according to them, to accomplish these goals, member states must 
implement concrete measures to decarbonize their economies, and the “Fit for 55” package provides 
legislative proposals and amendments to assist in achieving this objective. 

 

 
Figure 1. Categories included in the “Fit for 55” package [12]. 

 
The “Fit for 55” package describes also, in detail, how the EU will translate its climate goals into legislation. 
Specific categories (Fig. 1) will give directives that include energy taxation, energy-efficient transition, reform 
to the EU emissions trading system, energy performance of buildings, and boost of renewable energy 
sources. For instance, the directive regarding energy-efficient transition [14] claims that energy saving is the 
most cost-effective solution for reaching the climate goals in the energy sector. Indeed, with such a solution it 
is possible to reduce lots of GHG emissions besides providing more affordable energy. In the same line, the 
directive for boosting renewable energy sources [15] says that moving towards such energy sources the 
GHG emissions will be substantially reduced while the human health and air quality will be improved. 
Different studies regarding improvement of energy communities have already analysed the agreement of 
their results with the “Fit for 55” package [16] or, at least mentioned their awareness and importance of such 
piece of legislation [17,18]. 
From the depicted literature review, one can verify the attention that the scientific community has given to 
enhancing energy communities’ performance. Moreover, it is also possible to verify the attention that the EU 
has given on the reduction of net GHG emissions by 2050. Such EC improvements aim not only to achieve 
lower costs and emissions but also lower levels of primary energy consumption (in line with the European 
Union report [4]). In agreement with these issues, this work aims to conduct an analysis of different scenarios 
in order to evaluate the performance of an EC (located in Pordenone, northeast of Italy) comprising nine 
buildings from the third sector and working with natural gas or biomethane, as one of the input energy 
vectors. For each one of these fuels, the EC behaviour will be assessed when it is connected or not to the 
electricity grid. The evaluation will be made through a multi-objective optimisation (total annual costs and 
CO2eq emissions) using a mixed integer linear programming (MILP) model that evaluates the optimal 
solution regarding the synthesis, design, and operation of the specified superstructure for the EC. The 



 

energy system structure for each building is optimised individually, in accordance with its energy demand. 
The district heating network (DHN) and the district cooling network (DCN) are also optimised, i.e., depending 
on the energy demand of each building and the distance between them, the pipelines network is also 
optimised in accordance with the energy system structure of each building. Besides heating and cooling, 
peer-to-peer electricity sharing is also allowed in the community, which gives the EC a lower dependency on 
the electric grid or even the possibility to be off-grid.  

2. DHCN superstructure 
The superstructure shown in Figure 2 is comprised of three main subdivisions. The first one is the 
Polygeneration Unit k, which is a set of equipment assigned to a specific user building (referred to as "User 
Building k"). The second subdivision is the central unit, an independent structure that provides heating and 
electricity to the energy community. The third subdivision is "User i", which represents the remaining 
buildings within the energy community. These three subdivisions are linked through the DHCN for thermal 
energy exchange and the distribution substation (DS), which serves as an electricity hub. The model 
optimizes the pipeline connections between buildings and central unit. Rather than being connected directly 
to the electricity grid, all buildings and the central unit are connected to the DS, which manages the flow of 
electricity for all three subdivisions. This means that based on an electricity balance, the DS can: 

▪ distribute electricity to a building, if their Polygeneration Unit cannot meet their demand,  

▪ receive electricity from a building, if it has an electricity surplus,  

▪ purchase electricity from the grid, if the surplus from all buildings is insufficient, and  

▪ sell electricity to the grid, if there is a surplus and all buildings demands have been met. 

For a more detailed description about all internal energy flows among components, the reader may refer to 
our previous work [5]. 

 

 
Figure 2.  Superstructure of the energy community [5]. 

 

3. Model description 
The optimal synthesis, design, and operation of the EC showed in Fig. 1 were defined using Mixed Integer 
Linear Programming (MILP) optimisation method, which involves decision variables, constraints, and 
objective functions. Decision variables can be binary or continuous and determine the selection, on/off 
status, and sizing of equipment. Constraints determine the model's limitations in terms of equipment size, 
performance, and energy balance, while objective functions aim to minimize predefined targets. A flow 
diagram of the inputs, outputs, and the core characteristics of the model can be found in Fig. 3. 
The sizes of some devices, such as MGT, ICE, ABS, and HP, are predetermined, while others (BOI and CC) 
are left free to optimize their installation and sizes. ABS devices are only allowed to be fed by cogeneration 
systems and STp. The partial load performance of cogeneration systems is represented by linear relations 
obtained through a linear regression of their characteristic load curves. PVp and STp production data 
consider local hourly insolation obtained through a dedicated software [20], and the size of these solar 
technologies is limited to a maximum of 200 m2 per building. The HP modelling is more complex than other 
devices, as the heating and cooling production cannot happen at the same time and considers both the 
heating and cooling demands of each EC building. 
The DHCN pipelines layout and capacity are also optimised by considering the geographical location of the 
buildings and the distances between each other. Thermal losses are expressed by an equation that depends 
on the pipeline length and a coefficient of proportionality. A constraint does not allow the model to connect 
two users with two pipelines sending heating or cooling energy at the same time. The maximum heat flow 



 

rate is constrained by the pipelines size, and the energy flow into each pipeline is bounded between a lower 
and upper limit. The optimisation of the DHCN is important to minimize thermal losses through pipelines and 
ensure efficient energy distribution. 

 

 
Figure 3.  Flow diagram from main inputs to main outputs. 

 
Thermal storages systems are implemented to overcome the intermittence and scarcity of sunlight during 
winter and, combined with cogeneration devices, to reduce the usage of backup boilers. In this way, fuel 
consumption and environmental impacts can be mitigated. The proposed thermal storage models provide a 
means of calculating the energy stored and the energy balance within them, considering thermal loss and 
energy input from the DHCN pipelines. These models describe the storage of thermal energy for the entire 
year, without time decomposition, and the connection between hours, days, weeks, and months for a whole 
year representation. 
Energy balances are used to model the heating, cooling, and electricity constraints of the system, which are 
applied for the individual buildings, the central unit, and the distribution substation. The EC buildings require 
all three types of energy balances, which are applied at specific nodes for each type of energy. The central 
unit requires only the heating balance, as its electricity production is sent directly to the DS, which is 
responsible for managing the peer-to-peer electricity sharing among buildings. 
The peer-to-peer electricity sharing methodology is implemented with the aim to reduce the amount of 
electricity exchanged with the electric grid, which can reduce overall costs and environmental impacts. The 
methodology involves the local production of electricity by each EC member and, in the case of surplus, 
send the overbalance to the DS to distribute it for other EC members or selling it to the electric grid. The 
proposed methodology has the potential to benefit EC members by reducing their reliance on the electric 
grid and promoting a more sustainable use of energy. 
For this work, a multi-objective optimisation problem was defined to minimize the total annual cost and 
CO2eq emissions. The total annual cost includes investment, maintenance, and operation costs, while the 
total annual CO2eq emissions are related to the net electric energy received from the grid and the fuel 
consumption by boilers and cogeneration energy systems. The two objectives are conflicting, as adopting 
environmental efficient energy systems is costly and the solution that allows for minimum annual cost does 
not necessarily result in minimum total annual CO2eq emissions. The ɛ-constrained method [21] is used to 
obtain the Pareto front solutions. The method involves identifying a set of intermediate emission levels and 
introducing each level as an additional constraint in further economic optimisation (it could be carried out in 
the other way around, i.e., performing an emissions optimisation while setting intermediate values for cost). 
The method allows decision-makers to explore the trade-offs between different solutions and identify the 
optimal trade-off between economic and environmental objectives. 
For a more detailed description of the model, the reader may refer to our previous work [5]. 

4. Case study 
The case study is an EC designed for the city of Pordenone, northeast of Italy, which provides heat, cooling, 
and electricity to nine different buildings: town hall, hospital, library, primary school, secondary school, 
retirement home, theatre, town hall archive, and a private swimming pool (Fig. 4). This study is based on a 
mathematical model that divides the year into 24 typical days (two typical days/month – working and non-
working) of 24 hours each and calculates the optimal design and operation for the entire EC system based 
on the energy demand data of each building. The heterogeneous mix of buildings with different energy 
demands ensured that the results obtained were not biased towards a specific user profile. Furthermore, this 
mix of users is expected to be representative of many other small and medium-size towns in Europe. 



 

As an example, Figure 5 illustrates the energy demand patterns 
of the hospital during winter and summer, based on two 
representative working days. During winter, the hospital exhibits 
a higher demand for electric energy during daylight hours, 
attributed to a higher occupancy factor. Additionally, there is a 
higher heating demand during morning and evening periods, 
and minimal cooling demand. Conversely, during summer, the 
hospital experiences a higher cooling demand, with the peak 
occurring around 2 p.m. The electric energy demand is similar to 
that of the winter season. Notably, comparing to the winter 
curve, the heat demand during summer is reduced by a factor 
between 2 and 3, as the hospital still have a high demand for 
sanitary water. It is noteworthy that the energy patterns of each 
building vary based on several factors, including occupancy 
factor, thermal insulation, and night lighting. 

Selecting appropriate and proportionate equipment for the 
energy structure of the EC system is key to ensure its effective 
integration. The equipment should be capable of fulfilling the 
energy requirements of the buildings while maintaining 
compatibility with the system. The optimisation process involves 
considering two types of components, namely fixed and variable 
size, both of which are commercially available. The optimal size 
and configuration of the energy system can be achieved by 
determining the number of installed fixed size equipment and the 
size of variable size components including boilers, compression 
chillers, and thermal storages. 

The interest rate is assumed to be 5%, while lifespan is 
determined to be 30 years for DHCN, 20 years for PV, ST 
panels, and TS, 15 years for ICE, MGT, ABS, and HP, and 10 
years for BOI and CC. Operation costs are also considered, 
which include fuel and electricity costs. The price of natural gas, 
biomethane, purchased electricity, and sold electricity are introduced in the next section and specified for 
different scenarios. CO2eq emissions related to electricity, natural gas, and biomethane consumption are 
taken from literature. Electricity carbon intensity was assumed to be 0.356 kgCO2eq/kWh, natural gas carbon 
intensity 0.202 kgCO2eq/kWh [5], while biomethane was assumed to produce zero net emissions [22] as the 
considered CO2eq emissions for this work are only the ones related to the energy resources. 
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Figure 5.  Hospital demands for working days of January and July. 

 

5. Results and discussion 
In order to have a reference case, a conventional solution (CS) scenario is designed, which reflects the 
current reality in most cases. In this scenario, electricity is obtained from the electric grid, while a local boiler 
(BOI) and a local compression chiller (CC) are used to meet heating and cooling demands, respectively. 
Heat and cooling storage systems were also taken into account to support the BOI and CC. In this case, 
there is no connection between the buildings, which means that there are neither DHCN pipelines linking 
them nor peer-to-peer electricity sharing. For a detailed CS schematic diagram, the reader may refer to 
reference [5]. In this scenario and for all the nine buildings combined, the total annual cost was 4370.7 k€/y 

Figure 4. DHCN pipelines superstructure [5]. 



 

while the total annual emissions were 11,281.2 ton/y. These results are considered as the references to 
calculate the potential decrease in total costs and emissions. 

For this work, a multi-objective optimisation of the EC was conducted considering the following scenarios: 

• Scenario 1: Grid-connected - natural gas consumption 

• Scenario 2: Grid-connected - biomethane consumption 

• Scenario 3: Grid-isolated 

In line with the “Fit for 55” package from the EU [12], these scenarios have, as the main objectives, the 
reduction of the total annual CO2eq emissions from the CS scenario, while reducing also the total annual 
costs. The Grid-connected scenario means that the EC is allowed to buy electricity from the national grid at 
170 €/MWh and to sell it, also to the national grid, at 100 €/MWh [5]. The difference between these two 
scenarios is that they are analysed also for two types of gas consumption: natural gas or biomethane. For 
this work, no proportion between them was considered for any of the scenarios. The purchase price for gas 
was dependent on the type of consumption: for CHP equipment or for boilers. For the scenario with natural 
gas consumption, the purchase price was 45 €/MWh (CHP) and 60 €/MWh (boilers) [5]. For the scenario with 
biomethane utilization, the purchase price was 52 €/MWh (CHP) and 70 €/MWh (boilers) [19]. 

5.1. Scenario 1: Grid-connected – natural gas consumption 

Figure 6 shows the Pareto curve for scenario 1 and the comparison with the CS scenario. Tables 1, 2, and 3 
present, respectively, the configurations for each building for points A, B, and C in the Pareto curve. Point A 
represents the optimal economic optimisation solution, point C represents the optimal emissions optimisation 
solution, while point B represents the optimisation solution which has the same emissions level as point C, 
but with 68.5% of the cost. 

In the comparison between scenario 1 and CS scenario, one can observe that the lowest reduction in CO2eq 
emissions was obtained for point A (optimal economic solution), which resulted in 34% less CO2eq 
production. For the comparison between CS scenario and the optimal emissions solution (point C), the 
CO2eq emission reduction was 51%. However, very similar level of reduction can be reached through the 
trade-off solution represented by point B, i.e., with a decrease of 31.5% on the total annual costs (which 
represents 1307.3 k€/y), the EC will still emit around half of the emissions resulted from the CS scenario. 
Such a fact can be explained by the amount of equipment installed by the solution in point C (Table 3). As 
the simulation, in this case, is not worried about costs, it will find a solution that has minimum emissions no 
matter how many components would have to be installed. One of the main characteristics of the model is 
that the economic sub-model is relatively more complex than the one for emissions. Therefore, when 
reducing emissions is the only target, the simulation will not do further calculations once it has found the 
optimal solution. Another plausible point of view for the results presented in Fig. 6 is a comparison between 
point A and B. The obtained results show that an increment in economic cost of 24.5% is capable of 
reducing the total CO2eq emissions by 26%. Assuming point B as the best trade-off solution, the results 
regarding scenario 1 have demonstrated that the EC has the potential of cutting emissions by 51% 
(representing almost 5800 ton of CO2eq/y) while reducing costs by 35% (representing savings around 1530 
k€/y), when compared to CS scenario. 

2,0 2,5 3,0 3,5 4,0 4,5

5,5

6,0

6,5

7,0

7,5

131211
109876

5

4

3

2

1

Point CPoint B

 Scenario 1

 CS Scenario

M€/y

k
to

n
 C

O
2
e
q
/y

Point A

10,5

11,0

11,5

12,0

k
to

n
 C

O
2 e

q
/y

 

Figure 6.  Pareto curve for scenario 1 and CS scenario data. 

 



 

By analysing Tables 1 and 2 from the point of view of the communication between the EC and the national 
electric grid, it is possible to reveal some insights. The total electricity purchased by the EC was 1.18 MWh 
and 8168 MWh, while the total electricity sold by the EC was 3049.8 MWh and 819.1 MWh, for the optimal 
solutions from point A and B, respectively. Point A, which is the optimal economic solution, bought way less 
electricity and sold considerably more electricity compared to point B, i.e., the system of point A tried to 
compensate expenses related to investment, operation, and maintenance costs by selling more electricity. 
Moreover, the solution in point B installed 15% less engines (ICE), two thirds of heating storage (HST), one 
third of cooling storage (CST), and installed 43 times more solar thermal panels (ST), when compared to 
point A. Also, solution from point B installed around 50% more heat pumps (HP) and compression chillers 
(CC), which explains the higher level of electricity bought and the lower installed capacity of absorption 
chillers (ABS) (which is coherent with the lower installed capacities for ICE). In summary, point B saved 
emissions with respect to point A by consuming considerably less natural gas. 

Table 1.  Scenario 1: optimal economic solution (point A). 

Building 
ICE 
[kW] 

MGT 
[kW] 

BOI 
[kW] 

ABS 
[kW] 

HP 
[kW] 

CC 
[kW] 

PV 
[m2] 

ST 
[m2] 

HST 
[kWh] 

CST 
[kWh] 

1 70 0 0 0 70 65 0 0 1094 753 
2 840 0 0 315 0 0 0 0 4000 2236 
3 0 0 0 0 0 72 0 0 0 467 
4 0 0 0 0 0 0 0 0 0 0 
5 0 0 14 0 0 4 0 13 57 354 
6 0 0 28 0 0 10 0 15 154 467 
7 1200 0 0 525 420 68 0 0 4000 2185 
8 420 0 0 0 0 0 0 0 115 0 
9 280 0 0 0 0 0 0 0 1453 0 

 

Table 2.  Scenario 1: optimal trade-off solution (point B). 

Building 
ICE 
[kW] 

MGT 
[kW] 

BOI 
[kW] 

ABS 
[kW] 

HP 
[kW] 

CC 
[kW] 

PV 
[m2] 

ST 
[m2] 

HST 
[kWh] 

CST 
[kWh] 

1 0 0 0 70 0 0 0 200 568 183 
2 420 0 0 105 0 0 0 200 1152 51 
3 0 0 20 0 105 77 0 53 206 297 
4 50 0 0 0 0 0 0 0 2 0 
5 0 0 0 35 35 23 0 188 558 238 
6 0 0 0 35 0 33 0 178 506 61 
7 1200 0 60 105 630 208 0 200 3118 952 
8 0 0 0 0 0 0 0 0 0 0 
9 700 0 0 105 0 0 0 200 728 0 

 

Table 3.  Scenario 1: optimal emissions solution (point C). 

Building 
ICE 
[kW] 

MGT 
[kW] 

BOI 
[kW] 

ABS 
[kW] 

HP 
[kW] 

CC 
[kW] 

PV 
[m2] 

ST 
[m2] 

HST 
[kWh] 

CST 
[kWh] 

1 420 390 0 420 420 72 0 200 4000 4000 
2 840 600 0 630 630 379 0 200 4000 4000 
3 300 180 241 210 210 0 0 200 4000 4000 
4 300 180 129 210 210 0 0 200 4000 4000 
5 300 180 0 210 210 40 0 200 4000 4000 
6 300 180 0 210 210 15 0 200 4000 4000 
7 1200 1200 1626 630 630 77 0 200 4000 4000 
8 420 390 0 420 420 0 0 200 4000 4000 
9 840 600 0 630 630 0 0 200 4000 4000 

 

5.2. Scenario 2: Grid-connected – biomethane consumption 

In agreement with the EU 2030 target plan [11] for a more ambitious and cost-effective direction to reach the 
carbon neutrality by 2050, this section has been thought as a possible scenario to help EU achieving its 
environmental goals. 

By picturing scenarios where the proportion of biomethane in the natural gas grid is increasingly higher, it is 
reasonable to infer that emissions in scenario 1 would be increasingly lower (biomethane has been 
considered a net-zero CO2eq emitter [22]). From this point of view and considering the limit case of a natural 



 

gas grid in which its methane content is completely replaced by biomethane, this work analysed the EC 
compared not only with the CS scenario, but also with scenario 1. 

Figure 7 shows the Pareto curve for scenario 2, while Table 4 shows each building configurations for points 
D, in the Pareto curve, which represents the optimal economic solution. The first reasonable comparison is 
between points A and D (Figs. 6 and 7), which represent the optimal economic solutions for scenarios 1 and 
2. The total annual costs for these solutions were, respectively, 2282.1 k€/y and 2587.8 k€/y, while the 
correspondent CO2eq emissions were 7446.4 ton of CO2eq/y and -457.1 ton of CO2eq/y. Therefore, one can 
observe that an increase of 13.4% in the total annual costs (around 305.7 k€/y) allowed a reduction of 106% 
in the total annual CO2eq emissions, which means that the emissions were cut off and then compensated by 
almost 460 ton of CO2eq/y. This happened due to the CO2eq emissions compensation when electricity is 
sold to the national electric grid. Although the total electricity sold in solution of point A was more than 2 
times higher than that of point D, the fact that the biomethane emits way less CO2eq than natural gas (net-
zero for this work) has contributed for the dominance of the electricity compensation. By comparing Tables 1 
and 4, it is possible to observe that, besides buying less electricity from the national grid, the solution of point 
D installed 10% less engines (ICE). To compensate the missing heat production, boilers (BOI) installed 
capacity for point D was more than five times higher with respect to point A. Also, solar thermal panels (ST) 
installed capacity for point D was more than three times higher than that of point A, which reflects the search 
of the model for more economical solutions. 

Another reasonable comparison would be between points B and D (Figs. 6 and 7). As explained in section 
5.1, point B represents the selected trade-off solution for scenario 1. The total annual cost for that solution 
was 2842.4 k€/y, while the total annual emissions 5523.5 ton of CO2eq/y. In this case, there were reductions 
for both the costs (-9%) and emissions (-108%). Regarding emissions, the same thing happened as for the 
comparison between points A and D, i.e., emissions were cut off and compensated by the dominance of the 
electricity sold. As can be observed from Tables 2 and 4, the reduction on costs (around 255 k€/y) were due 
to a substantial reduction of installed CC and ST. They were reduced, respectively, by 13 and 15 times from 
solution in point B to the one in point D. As a way to compensate this reduction, it was installed three times 
more BOI, two times more ABS, and four times more cooling storage (CST). 
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Figure 7.  Pareto curve for scenario 2. 

 

Table 4.  Scenario 2: optimal emissions solution (point D). 

Building 
ICE 
[kW] 

MGT 
[kW] 

BOI 
[kW] 

ABS 
[kW] 

HP 
[kW] 

CC 
[kW] 

PV 
[m2] 

ST 
[m2] 

HST 
[kWh] 

CST 
[kWh] 

1 140 0 105 0 0 1 0 11 1579 826 

2 840 0 0 420 0 0 0 0 4000 805 

3 0 0 0 0 0 0 0 53 180 335 

4 50 0 0 0 0 0 0 0 523 0 

5 0 0 57 0 70 6 0 14 58 1200 

6 0 0 62 0 0 0 0 13 58 1028 

7 1200 0 0 525 630 15 0 0 4000 3007 

8 0 0 10 0 70 0 0 0 0 0 

9 280 0 0 0 0 0 0 0 1802 0 

 



 

5.3. Scenario 3: grid-isolated 

In the same direction of reducing CO2eq emissions and primary energy consumption, another plausible 
scenario would be a completely isolated EC from the national electric grid. In this scenario, it was evaluated 
also the operation with natural gas or biomethane. The results demonstrated that a grid-isolated EC is not 
attractive from the economic and environmental viewpoints, either for natural gas or biomethane, which is in 
agreement, for instance, with references [23,24]. 

For the natural gas case, the optimal economic solution for an off-grid EC was 9.3% higher when compared 
to the optimal economic solution for grid-connected EC (point A, Fig. 6), which represents 212 k€/y. When 
the optimal CO2eq emissions solution is analysed, the increase is even higher. The correspondent off-grid 
solution emits 21.2% more CO2eq if compared to the equivalent solution for grid-connected (scenario 1). 
Besides, for this exact same comparison, the off-grid solution costs 2.2 times more. 

In the case of biomethane, as expected, the emissions resulted zero. This is because the biomethane was 
considered net-zero CO2eq emitter and there is no electricity bought from the main grid. When compared to 
the equivalent grid-connected solution (point D, Fig. 7), the grid-isolated one held a slight increase of 0.4% 
(which represents 12.6 k€/y) in the total annual costs. However, the grid-connected solution allows a CO2eq 
compensation of almost 460 ton of CO2eq/y. Moreover, considering the grid-connected (scenario 2), it could 
be possible to increase the CO2eq compensation by around nine times by increasing the total annual costs 
by only 18%. 

 

5.4. Brief comparison to carbon market and payback evaluation  

As introduced in section 1, one of the foreseen directives from the “Fit for 55” package of the EU regards an 
update to the EU emissions trading system (ETS). According to the European Commission [25], international 
carbon markets have the potential to serve as a crucial factor in the cost-effective reduction of worldwide 
GHG emissions. This is demonstrated by the rising of emissions trading systems globally. In addition to the 
EU ETS, various national and sub-national emissions trading systems are currently in operation or being 
developed in several countries including Canada, China, Japan, New Zealand, South Korea, Switzerland, 
and the United States. 

With lower environmental impacts and higher energy efficiencies, ECs have a substantial cost advantage if 
inserted in a carbon trading ecosystem [26]. Moreover, a personal carbon trading (PCT) scheme has been 
discussed in literature [27,28], as a promising and innovative policy tool to mitigate carbon emissions at the 
household and individual level, and to encourage the adoption of low-carbon lifestyles. In this sense, the 
present work analysed the cost of CO2eq emissions reduction based on the data from Fig. 6. The reference 
cost was the one resulted from the optimal economic solution for scenario 1 (point A). 
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Figure 8.  Cost of reduced CO2eq emissions for each solution in the Pareto curve of scenario 1. Solutions 2 
to 13 (see Fig. 6) are confronted to solution 1 (or point A) in order to compare results with the carbon market. 

 

Figure 8 shows the cost of reducing CO2eq emissions from solution number 1 (point A, Fig. 6) to each one of 
the other 12 solutions in the Pareto curve of scenario 1. Such cost raises from 54 (solution 2) to almost 970 
€/ton of CO2eq (solution 13). Considering an average European Emission Allowance (EUA) of 85 €/ton of 
CO2eq [29] for the past year, the data suggests that, starting from the point indicated in Fig. 8, it would be 
economically more attractive to pay for the correspondent amount of EUA, rather than choose a solution for 



 

the EC with a lower CO2eq emissions level. In order to have an idea, if solution in point B would be chosen 
over that of point A (Fig. 6), the cost increase would be around 560 k€/y. On the other hand, if point A is 
chosen and the correspondent EUA is paid, the cost increase would be around 163 k€/y. Note that all the 
solutions of the Pareto fronts depicted in Figs. 6 and 7 present both lower economic cost and lower 
greenhouse gas emissions than the conventional solution (CS) and, therefore all of them represent an 
improvement. 

Table 5 presents the payback (PB), cost reduction (CR), and CO2eq emissions reduction (CO2R) for the four 
main solutions analysed in sections 5.1 and 5.2. All solutions were confronted with the CS scenario data. 
Although point C (optimal emissions solution) owns one of the highest CO2R, its cost decrease was the 
lowest one, while its payback was the highest one. By comparing points A and B from the CO2R point of 
view, the latter would be the best one. However, by joining the perspectives of PB, CR, and carbon market, 
point A solution would be more attractive since it would have lower PB and lower overall costs (including the 
payment of EUA). In the perspective of a gas grid fed 100% by biomethane, point D would be attractive if the 
goal would be to cut off and compensate CO2eq emissions. 

Table 5. Evaluated solutions, payback (PB), cost reduction (CR), and CO2eq emissions reduction (CO2R) 
with respect to the CS scenario. 

Solutions (points) PB (y) CR (%) CO2R (%) 

A 1.5 – 48 – 34 

B 1.8 – 35 – 51 

C 4.7 – 5 – 51 

D 1.8 – 41 – 104 

 

6. Conclusions 
In order to cover new climate change concerned policies, such as the “Fit for 55” package from EU, and 
reach a low-carbon future, solutions should be presented throughout different sectors. This is the case, for 
example, of the efficiency of energy systems and buildings. For that reason, this paper assessed the 
performance of different scenarios for an EC, through a multi-objective optimisation approach. The EC 
comprises nine third sector buildings located in Pordenone, northeast of Italy, and was modelled through a 
mixed integer linear programming (MILP) model. The evaluated scenarios were: 1) Grid-connected - natural 
gas consumption, 2) Grid-connected - biomethane consumption, and 3) Grid-isolated. 

The results have shown that, as expected, all three scenarios present better trade-off solutions when 
compared to the CS scenario (reference case), i.e., lower total annual costs and CO2eq emissions. However, 
each one of the three scenarios presented its particularities.  

For scenario 1, which represents the current scenario of natural gas consumption, the selected trade-off 
solution according to the Pareto curve (Fig. 6) was the one of point B. This solution holds a total annual cost 
31.5% (or 1307 k€/y) lower when compared to the optimal CO2eq emission solution (point C, Fig. 6), but with 
approximately the same emissions level. When compared to the optimal economic solution (point A, Fig. 6), 
the total annual cost of the solution in point B is 24.5% (or 560 k€/y) higher, while its total annual CO2eq 
emissions is 26% (or 1923 ton of CO2eq/y) lower. Nevertheless, if the carbon market is considered, and with 
the current price for each ton of CO2eq (March 2023), the solution in point B would no longer be 
economically attractive. Instead, the solution from point A along with the correspondent EUA payment would 
result an economic saving of around 70% with respect to the solution in point B. Besides, point A solution 
owns the lower payback among the analysed solutions. 

Scenario 2 represents the limit case of a natural gas grid in which its methane content is completely replaced 
by biomethane (which was assumed a net-zero emitter for this work). When comparing the optimal economic 
solutions between scenarios 1 and 2, one can see that an increase of 13.4% in the total annual costs (or 306 
k€/y) could allow a reduction of 106% in the total annual CO2eq emissions, i.e., emissions would be cut off 
and, besides, a CO2eq compensation of 460 ton per year would be obtained. Therefore, considering the 
possibility of moving from the optimal economic solution in scenario 1 (point A) to the optimal economic 
solution in scenario 2 (point D, Fig. 7), the cost per ton of reduced CO2eq emissions would be economically 
more attractive when compared to the carbon market. 

The third analysed scenario is the one where the EC (in both scenarios 1 and 2) would be completely 
isolated from the national electric grid. Results demonstrated that the off-grid EC version is not attractive 
from economic or emissions viewpoints. In scenario 1, the total annual cost and CO2eq emissions of the EC 
would be, respectively, 9.3% and 21.2% higher. In scenario 2 the cost increase would be only 0.4%, 
however, the EC would not be able to compensate CO2eq emissions by selling electricity to the grid. 



 

Therefore, based on the obtained results, the implementation of an EC as the one analysed in this work 
would help not only to cope with new climate change policies (such as “Fit for 55”), but would be also 
economically more attractive than the current scenario.  
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Abstract: 

Loading and hauling machines accounts for significant share of the total energy usage in large opencast 
mines. Major share of power is consumed in electric shovels used for loading operations and accounts for 
32% of the total electricity usage in mine. Diesel is also used for operating hauling machines (dump trucks) 
in opencast mine and accounts for 56% of the total diesel consumption. In this paper, a methodology is 
proposed for calculating overall energy consumption in major energy intensive mining processes such as 
loading and hauling operations of the coal mine. Statistical approach has been used to estimate minimum 
SEC of a specific mine based on the annualized data. A linear regression method has been used to develop 
a mine specific model for estimating SEC by the correlation between SEC and composite production. A case 
study of an Indian opencast mine is presented to illustrate the results. Minimum SPC of electric shovels is 
calculated as 0.15 kWh/cum whereas the best operating SDC values of dump trucks operating in same mine 
is 0.47 l/cu.m. The overall SEC of loading and hauling operations calculated for the same opencast mine is 
17.76 MJ/Cu.m and SEC of total operation in mine is 27.2 MJ/Cu.m.  The best practices opencast mine 
without dragline from the literature is 26.3 MJ/cu.m. 

Keywords: 

Energy performance, Statistical approach, Loading, Hauling, Opencast mine, Specific energy consumption 

. 

1. Introduction 
Dump trucks are used worldwide for handling of ore and waste in most of the opencast mines. It is 
considered as one of the versatile heavy earth moving equipment. The diesel consumption in dump trucks 
accounts for about 56 % of the total diesel consumption in opencast mine [1]. Dump trucks are used for 
material handling in opencast mines using shovel- truck combination. The transportation network of mine 
includes a fleet of dump trucks moving between crushers/dumping stations and shovels. The diesel 
consumption in dump trucks depends on the speed, material handling rate and distance between loading 
and unloading point. Benchmarking and optimization models are generally used for calculating minimum 
energy consumption. An energy benchmarking model is developed by Sardeshpande et al. for calculating 
minimum energy consumption in glass furnace [2]. Most of the exercises on optimization in transportation are 
based on linear programming approach for reducing cost. Energy efficiency of dump trucks operating in 
opencast mine has been rarely analyzed. The optimization of loading and transport system in opencast mine 
has been done to optimize number of trucks required serving at loading point, number of trips per hour and 
theoretical output of dump trucks [3]. Optimization of journey schedule of high capacity dump truck has been 
done by Vasil’ev et al. to reduce the travel time of dump truck [4]. Fuel consumption depends on the inherent 
resistances such as gradient resistance, drag force and rolling resistance. Fuel consumption rate is taken as 
objective function and solved by Langrage’s multiplier method with constraint of total time. Solving the 
optimization problem shows that fuel consumption is minimum by keeping speed profile constant for level, 
ascending and descending gradient [5]. The results of study made Tolouei et al confirmed that fuel 
consumption increases as mass increases and is different for different combination of fuel and transmission 
type [6]. A benchmarking model was developed by Sahoo et.al. for optimization of specific fuel consumption 
for dump trucks [7]. Specific diesel consumption (SDC) can be used as energy performance indicators to 
assess and compare the energy performance of hauling operations in operating mine. 
 
Electric shovels dominate the electrical energy consumption in opencast coal mine and consume 32% of the 
total electrical energy usage [8]. Energy efficiency indices have been used by researchers to assess energy 
efficiency in mining process. Specific power consumption (SPC) has been used previously to describe the 
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performance of digging equipment and operators. Energy benchmarking using statistical approach 
has been done for commercial building [9]. Past studies showed that operator’s proficiency plays a 
significant role in the productivity of shovels [10-13]. Energy efficiency of loading and hauling operations 
depends on the equipment, operating conditions, mine planning and operator’s performance [10]. Specific 
energy consumption (SEC) is used as energy benchmarking index and is measured as the energy 
consumed to the production output (MJ/t, kWh/t etc.). Oskouei et al. revealed that the operator’s skill affect 
the energy efficiency of the mining machinery [11].  The study done by Karpuz et al. revealed that there is an 
increase in digging power consumption with the increase in the cutting depth and operator’s performance 
[12]. The results of simulation experiments conducted by Awuah-Offei, K. et.al revealed that an operator 
operating near optimal levels with a 44 cu.m bucket capacity can save over $114,000/- in electricity costs for 
digging cycle alone as compared to an average operator [13]. 
 
From the literature review it is concluded that limited literature addresses benchmarking of specific energy 
consumption for loading and hauling operations in opencast mine using statistical approach. In this paper a 
methodology is developed for benchmarking of specific energy consumption for loading and hauling 
operation and validated with energy performance for best operating mine. 
 

1.1. Mining process 

Drilling and blasting is the first process of surface mining for fragmentation of overburden and coal seams. 
An efficient blasting result in lower cost of extraction as the particle size and density of material affects the 
energy consumption of an opencast mine. Excavators/Hydraulic backhoe, shovels are used for loading 
material in to dump trucks. Dump trucks are then used to transport coal and overburdens to the specified 
dumping stations. The fuel consumed in heavy earth moving machines operating in mines varies with mine 
topography, distance, material handled and the capacity utilization. Pie charts showing the fuel consumption 
and power consumption of Dipka opencast mine of South Eastern Coalfields Ltd (SECL) is shown in Fig.1a 
and Fig 1b.  From the Fig. 1a, dump trucks consume about 56% of total diesel consumed in opencast mine. 
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Fig 1a Diesel consumption profile in opencast mine of SECL Fig 1b Power consumption in opencast mine of SECL 

 

 

1.2. Objective 

Diesel is used as fuel for operating heavy earth moving machines (HEMMs) such as dump trucks, dozers 
and drills etc. in an opencast mine. The diesel consumption in haul trucks used for hauling operation 
consume 32% of total energy consumed in an opencast coal mine and varies with mine topography, bulk 
density of coal and overburdens and operating practices of haul trucks. Similarly loading operation consume 
significant energy consumption. Electric shovel consumes 32% of total electrical energy consumption in 
opencast mine. Hence, these two operations such as loading and hauling consume significant energy in 
opencast mine. The objectives of the paper are given as follows. 

1) Evaluate the energy performance of loading and hauling operations 

2) Propose a method for energy benchmarking of shovels and sump trucks  

3) Study the variation of SDC of hauling operations with composite production  

4) Study the variation SPC of loading operation with composite production  

5) Compare the benchmark SEC with best practices mines. 
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2. Methodology for Energy Benchmarking 

2.1. Statistical Benchmarking 

Statistical approach has been applied by many researchers for benchmarking energy consumption of 
commercial buildings, agriculture and industrial sectors. Benchmarking energy consumption in commercial 
building has been done by Chung et al. using a statistical approach [14]. Chauhan et al., and  Omid et al. 
have also used statistical methods for benchmarking energy for agriculture [15,16]. Benchmarking energy 
efficiency for Dutch industries has been done by Phylipsen et al.[17]. These approaches are defined as 
statistical energy benchmarking. The loading and hauling machines in opencast coal mines can implement 
the idea of energy benchmarking. A study was conducted in a large opencast coal mine in India by author to 
apply statistical benchmarking methodology [18]. In present paper, the statistical approach has been applied 
for benchmarking energy consumption for two major operation:  

 

• Loading operations using electric shovel 

• Hauling operations using dump trucks 

 

The statistical benchmarking can quickly estimate the minimum energy required per cubic meter of 
composite coal production in an opencast mine. The statistical benchmarking approach uses specific diesel 
consumption (SDC) as energy performance indicator for dump trucks, specific power consumption (SPC) for 
electric shovels and specific energy consumptionn(SEC) for overall energy consumption in loading and 
hauling operations in opencast mine. The SEC of the best performing year is considered as the energy 
benchmark target from the annualized data for the specific mine equipment. The monthly data is not 
appropriate due to seasonal variations of energy performance of mining equipment during rainy and off rainy 
season. In case of benchmarking mine quipment of different coal mines, multiple mine equipment of different 
capacities are compared to evaluate the minimum SEC. The specific energy consumption (SEC) of the mine 
is calculated from the aggregate energy consumption of both loading and hauling operations for electric 
shovels and dump trucks. 

2.1. 1. Energy benchmarking for loading operations  

Energy benchmarking of loading operations is the minimum SPC of electric shovels operating in the mine 
from best operating value. A benchmark SPC of the electric shovels is calculated by comparing progressive 
SPC based on the aggregated annualized data of power consumption and material handled. A mine specific 
model of benchmarking has been developed using linear regression analysis by correlating the SPC and 
composite production. The model helps in predicting the SPC of the mine equipment. 

Electric shovels are used for loading materials in to the dump trucks in large opencast mines and consume 
significant quantity of electrical energy. Smaller opencast mines use diesel operated excavators for loading 
operations. Depending on the production requirement the machines are deployed by production supervisors. 
The SPC of electric operated shovel is obtained from the ratio of annualized energy consumed in shovel to 
the annual material handled and is given as: 
 
 
 
             
            (1) 
                   
   
           

2.1. 2. Energy benchmarking for hauling operations  

Specific diesel consumption (SDC) is an energy performance index to assess energy efficiency of heavy 
earth moving machines (HEMMs) operating in an opencast mine. Dump trucks consume major share of 
diesel consumption in mine. Therefore, SDC should be monitored regularly for targeting and minimizing 
diesel consumption in mine. The methodology for practical benchmarking approach for calculating SDC has 
been discussed in this section. The specific diesel consumption of single dump truck is defined as the ratio of 
diesel consumed during field trial period ( t ) to the material handled. The material handled is determined as 

the product of shovel bucket capacity, actual numbers of buckets filled, number of trips of truck and fill factor. 
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Dump trucks are used for transportation of coal and OB from shovels to CHP or OB dumping stations in 
opencast mine and consume significant quantity of diesel for its operation. Dump trucks are generally 
accommodated in the workshop of the mine from where it goes to mine site for operation as per the planning 
and requirement of production supervisors. Diesel is filled once a day at diesel filling station located near the 

workshop. Diesel is issued to dump trucks of different capacity ( 3,2,1=i ) for example 240t, 120t, 100t 

trucks.  

 If ‘Q’ is material handled by different capacity dump trucks, the benchmark SDC ( BMSDC ) of multiple 

dump trucks is obtained using following formula for rainy as well as off rainy season. Minimum SDC is 
considered as benchmark for same capacity dump trucks operating in same roots. For different roots, 
average value is taken.  

Q

QSDCMin

SDC

n

i

ii

BM


== 1           (3)  

Where, 


=

=
n

i

iQQ
1

            (4) 

Average SDC of dump trucks for of dump trucks for rainy/off rainy season is estimated as: 

Q

QSDCAvg

SDC

n

i

ii

Avg


== 1          (5) 

Eq (3) to Eq (5) are used for calculating benchmark SDC.  
 

3. Case study of large coal mines  
A case study of Dipka opencast coal mine of M/s South Eastern Coalfields Ltd (SECL), Bilaspur has been 
presented for assessing the practical benchmark SDC [18]. Dipka opencast mine of M/s. SECL lies in the 
latitude 220 18’59” – 22019’43” and longitude 820 30’47” - 82033’34” and bears the toposheet No. 64J/11 in 
the Survey of India and is located in Korba district of Chattisgarh, India. The installed production capacity of 
the mine is 25 MTPA with average stripping ratio of the mine is 1 m3/Te of coal. Diesel is used for operating 
different HEMMs including dump trucks. Dump trucks consume about 56% of the total diesel consumption. 
The minimum SDC of the mine from past 4 years data is 0.81 l/cu.m. whereas the benchmark of the mine by 
comparing with five operating mines of different production capacity is 0.66 l/cu.m. Dump trucks used in 
hauling operation consume major share of diesel consumption and therefore the benchmarking has been 
done to evaluate minimum SDC based on statistical approach using methodology given above in para 2.1.2. 

 
Dump trucks of different capacity (240t, 120t, 100t) and model of BEML/Caterpillar/Terex are operating in 
mine for transporting overburden (OB) and coal from different levels of mine to coal storage/ OB dumping 
stations. BEML dump trucks uses Cummin’s engine whereas Caterpillar has its engine of the own make. 
Engine performance is very important for fuel economy in mine. Selection of dumper with a fuel-efficient 
engine helps in reducing SDC of the dump trucks. The engine specifications of dump trucks are given in 
Table 1. 

 
Table 1 Engine specification of dump trucks 

PARAMETERS CAT 793D  
(240t) 

CAT777  
(100t) 

BH 100 
(100t) 

MK 30 /MT 3000 
(120t) 

Make Caterpillar Caterpillar BEML/Cummins Detroit diesel 
No of cylinders 16 12 12 16 
Bore & stroke 170mm x 215mm 145mm x162mm 140mm x165mm 130mm x 150 mm 
Displacement 78 lits 32.1 lits 37.7 lits 32 lits 
Gross power 1801 kW,2415 hp 765 kW,1025 hp 783 kW, 1050 hp 898 kW 
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P & H electric shovels operating in Dipka opencast coal mine of M/s South Eastern Coalfields Ltd (SECL), 
Bilaspur, India has been presented in this paper for energy performance assessment using statistical 
approach. The annual electrical energy consumption of the mine is 49.3 GWh/y in 2014-15. The connected 
load of the electrical machinery in mine is 38.49 MW. The electric shovels (four numbers of 10 cu.m. and two 
numbers of 42 cu.m.) consume 32% of the total electrical energy. The power rating for hoist motors, crowd 
motor, swing motor and propel motors of electric shovel is 1887 kW, 547 kW, 746 kW and 716 kW 
respectively. The connected of electric shovel is 7235 kW (2 hoist motors, 1 crowd motor, 2 swing motors 
and 2 propel motors). The physical parameters of P & H electric shovel are given in Table 2. Five dump 
trucks were allocated to the shovel at the pit for hauling operation. The loading cycle of shovel include five 
different operations; digging, swinging, unloading, swing back and positioning/waiting time.  

 

Table 2 Physical parameters of P & H electric shovel 

Parameters/Model Value Unit 

Model 4100C  

Nominal dipper capacity 45.9 cu.m. 

Nominal Payload 81.6 t 

Rated suspended load 154.2 t 

Bucket fill factor 0.80 (assumed) 

  
 

4. Results and Discussions 
 

The variation of SDC with material handled for sample dump trucks during field measurement is shown in 
Fig.2a. From the analysis of results, SDC of dump trucks decreases with increase in material handling rate. 
The minimum SDC of 0.47 l/cu.m. is shown for maximum material handling rate of 348 cu.m./h for dump 
trucks with lead varies from 2.2 km to 2.97 km. The variation of SDC with monthly composite production 
shows non-linear trend and is shown in Fig 2b. Statistical approach of benchmarking considers minimum 
SDC of past 3 years progressive data to benchmark diesel consumption in mine. The analysis of annual 
progressive SDC showing monthly minimum and maximum value is shown in Table 3. 

 

 
 
Fig 2a: Variation of SDC with total material handled  Fig.2b Variation of SDC of dump trucks with monthly 

material handled 
 

 
 

Max torque 9553 N-m 5286 N-m 4629 N-m - 

Engine speed 1800 rpm 1750 rpm 2100 rpm 1900 rpm 

Gear ratio 28.1:1 17.49:1 22.21:1 28.8:1 
Payload  240 tons 100 tons 91.5  tons 108.8t 
Volumetric capacity 96 m3 41 m3 41.5 m3 49.4  m3 
Heaped capacity 129 m3 60.1m3 61 m3 69.4  m3 
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Table 3 Analysis of progressive SDC of dump trucks for an opencast coal mine of SECL 

Sample size:36 (monthly SDC); 03 (Annualized data of SDC) 
 SDC (l/cum) 

Year Monthly Minimum Monthly Maximum Progressive 

2012-13 0.60 0.93 0.69 
2013-14 0.42 0.65 0.52 
2014-15 0.39 0.66 0.47 

Average 0.47 0.75 0.56 

 

From statistical analysis, the minimum SDC of dump truck is 0.47 l/cu.m and average SDC is 0.56 l/cu.m.  
The progressive yearly variation of SDC is shown as Fig. 3a whereas the variation of SDC with material 
handled per hour is shown in Fig.3b from the actual measurement. The result of practical benchmarking is 
close to that by statistical approach. However, sometimes due to dynamic condition such as change of the 
haul road distance, material handles and operational practices statistical approach may not give accuracy in 
calculating the benchmark SDC. The disadvantage of statistical benchmarking is that it does not consider 
present operating conditions.  

 

  
 
                Fig 3a: Variation of progressive SDC  Fig.3b Variation of SDC of hauling with material handled 

 
Statistical approach of benchmarking has also been applied for loading operation using electric shovel in 
large opencast mine. The annualized energy consumption and production data are used to calculate 
progressive SPC of the shovels operating in mine. Fig 4a shows the variation of SPC with composite 
production. The overall minimum SEC is then calculated to calculate benchmarking target for loading and 
hauling operation. Fig 4b shows the variation of overall SEC with composite production. Table 4 shows the 
minimum specific energy consumption of the loading and hauling operations. The minimum SEC is 
calculated as 17.76 MJ/cum in the year 2013-14. 
 

 
 
Fig 4a: Variation of progressive SPC with production  Fig.4b Variation of SEC of loading and hauling 
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Table 4 Analysis of progressive SDC and SPC of an opencast coal mine of SECL 

Mining operations  
Energy performance values 

 SEC (KJ/cum) 

Hauling (SDC) 0.56 19756.8 

Loading (SPC) 0.16 1651 

 (Year1)  21407.8 

Hauling (SDC) 0.47 16228.8 

Loading (SPC) 0.15 1548 

 (Year 2)  17776.8 

Hauling (SDC) 0.7 24696 

Loading (SPC) 0.44 2522 

  (Year 3)  27218 

 
The result shows that both SDC and SPC decreases with increase in composite production in opencast mine 
whereas the overall energy consumption though increases with production, the minimum specific energy 
consumption target is assessed for lower production rate due variation in energy inputs and operating 
strategies for loading and hauling machines.  

 

4.1. Best practices in opencast mines 

The specific energy consumption of the best operating opencast coal mine for overburden handling taken 
from the literature is 26.9 MJ/cu.m.[12]. From the present benchmarking study the SDC of best operating 
coal mine  with 92% overburden handling  is 0.66 l/cu.m. for a large opencast mine  and is equivalent to 25.4 
MJ/cu.m. The present energy benchmark level of 25.4 MJ/cu.m. for Gevra opencast mine can be further 
minimized by improving operational practices and procurring new  energy efficienct heavy earth moving 
machines like 240t dump trucks and optimising the number of dump trucks corresponding to the total 
numbers and capacity of electric shovels deployed in the coal mine. The benchmarking can be used for 
targeting and assessing the energy saving potential in opencast mining sector. A potential fuel saving of 
atleast 16 % is possible by comparing the minimum SEC with average SEC of the specific mine.  

 

4.2. Energy saving potential 

The fuel saving potential in the mine is estimated by comparing the minimum SEC and average SEC of the 
mine using Eq. (6) for bechmarking of a specific mine. 

 

            (6)  

 

The minimum SDC of 0.66 l/cu.m (25.4 MJ/cu.m) is obtained by comparing SDC of five opencast coal mines 
of different installed capacity. The capacity of the mines is variable and can be increased by increasing 
number of machines depending on the coal reserve of the mine. The diesel saving potential by comparing 
minimum SDC with average SDC is 16 %.  

 

5. Conclusion 
 

In the present paper, a statistical approach of benchmarking has been applied for calculating specific energy 
consumption (SEC) and is used as energy performance indicator for loading and hauling operations. The 
overall minimum SEC for loading and hauling operation is calculated as 17.7 MJ/cu.m.The benchmark SDC 
for of hauling operations is 0.47/cu.m whereas the benchmark SPC obtained for electric shovel is calculated 
as 0.15 kWh/cu.m. The mine specific model for benchmarking has been developed using linear regression 
method. There is a significant scope of diesel and power saving by use of this method in mine. A diesel 
saving potential of 16 % is estimated  by comparing with benchmarking value and the overall saving potential 
of 19% is estimated on both loading and hauling operations in opencast coal mine. Though the result of 
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practical benchmarking is close to that by statistical approach, due to dynamic condition of mine operation 
such as haul road distance, material handling and operational practices statistical approach may not give 
accuracy in estimating the benchmark target. The disadvantage of statistical benchmarking is that it does not 
consider present operating conditions.  

The statistical approach helps in quick estimation of benchmarking target for coal mines from the past data 
of diesel consumption, electrical energy consumption as well as composite production data of the mine. The 
benchmarking method can help in setting energy benchmarking target of the mine for continuous productivity 
improvement and energy saving in mine. 
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Nomenclature 
  Shovel bucket capacity, cum 
  Fill factor 

  Monthly energy consumption, kWh 
  Benchmark specific energy consumption, KJ/kg 
  Specific energy consumption, (Loading and Hauling), KJ/kg 
  Average specific energy consumption, KJ/kg 

 Specific power consumption of shovel 
  Mass of fuel consumption of dump truck, lit 

  number of buckets 
  number of dump truck trips 

.
        

Composite production, cu.m.  

   
Benchmark SDC for coal mine, l/cu.m. 

    
Average SDC of the coal mine, l/cu.m. 

     
SDC of the coal mine for mine, l/cu.m.  

    
Minimum SDC of the coal mine, l/cu.m.   

  Specific diesel consumption, l/cu.m. 
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Abstract: 

Cooling systems are becoming increasingly important around the world. While centralized heating systems 
have been around for decades, cooling systems tend to be something that is only kept for large buildings, and 
decentralized cooling has flourished and is becoming the first choice when it comes to comfort needs, 
disregarding the efficiency of larger systems. 
In this work, TRNSYS was used taking advantage of the Wedistrict methodology to compare two different 
alternatives and analyze which technology fits better in a cold district solution. On one side, single-stage 
absorption chillers combined with solar thermal technologies (Fresnel) as its heat source, and on the other, 
compression chillers with high energy efficiency ratios combined with photovoltaic technologies were used. 
The paper shows that the current technological state singles out the compression chiller as a more appropriate 
selection for variable demand systems, while leaving absorption chillers as a viable option for constant cooling 
demand systems where a high temperature heat source is available. 

 

Keywords: 

TRNSYS; District Cooling; Solar energy; Absorption chiller. 
 

1. Introduction 
The increasing temperatures throughout the world are leading to an expansion in cooling degree days (CDD), 
which leads to an increasing need for cooling systems worldwide. This trend is also visible in Europe, where 
the significance of CDD was previously overlooked while devising a cooling strategy. At present, CDD values 
are becoming difficult to ignore (Figure 1)[1]. 

 

mailto:juanjose.roncal@upm.es
mailto:ptaddeo@irec.cat
mailto:javier.rodriguez.martin@upm.es
mailto:javier.munoz.anton@upm.es
mailto:alberto.abanades@upm.es


 

Figure 1. Cooling degree days statistics EU, 1979-2022.[1] 

Two main cases have been analysed, the first one, photovoltaic panels have been used, and have been sized 
to be able to fully supply the compression chiller annually (Figure 2). In the other case, solar Fresnel panels 
have been sized to theoretically provide the energy needed for the conventional single stage absorption chiller, 
along with a natural gas boiler to ensure the correct inlet temperature for the chiller heat input (Figure 3).  

 

 

Figure 2. TRNSYS arrangement with tank. 

 

 

Figure 3. TRNSYS arrangement with absorption chiller with heat supply from solar energy plus boiler 
backup. 

 

Different simulation approaches have been followed to arrive to correct plant sizes in order to compare 
technically and economically the results. 

Both configurations have been simulated using TRSNYS (TRaNsient SYstems Simulation Program) following 
the modular methodology developed in the frame of the Wedistrict project [2]. Technical, environmental, and 
economic indicators have been calculated and analyzed [3]. 

 

2. Methodology 
 

2.1. Software 



TRSNYS (TRaNsient SYstems Simulation Program) software was applied in accordance with the modular 
methodology that was created specifically for the WEDISTRICT project. 

This project studies the integration of innovative technologies for District Heating and Cooling (DHC) systems 
with an end goal of developing viable solutions for delivering fully renewable energy in climatization services 

 [3]. 

The modular methodology is based in TRNSYS macros and decks. Macros are a series of TRNSYS types that 
are used together to reduce the number of connections to be done. The code to describe them has the letter 
“M” for “macro”, followed by four numbers, the first three represent the code of the technology used, separated 
by the thousands in types of technologies (solar, storage, boilers, etc.), by the hundreds in different 
technologies between the same family, by the tenths in variations of the same technology. The unit is left in 
case the technology repeats itself in the same deck, due to the fact that TRNSYS, as many other software, 
does not allow variable name repetition. 

WEDISTRICT macros have characteristics to improve the modularity and flexibility: 

▪ Nomenclature: A standard nomenclature for macros, types, and variables  

▪ Input and Output interfaces: Inputs and outputs variables are transmitted in and out of the macro by 
equation blocks. This method simplifies and reduces connections and allows replacing a macro by another 
more efficiently (Only a few connectors should be modified). 

▪ Parametrization procedure: Parameters are variables that remain constant during the simulation time. A 
Python script has been developed to make this more fluent (from specific values calculate the majority of 
these parameters through correlations). 

▪ Control strategy:  Each macro has its own control strategy based on the technology represented. This 
method allows adding the same macro into different systems reducing the amount of control parameters to 
be set. 

▪ Results: Each macro displays its own set of results and its internal calculations, such as energy and mass 
balance.  

 

As an example, compression chiller macro has been taken (M4300). In this macro two different operation 
modes can be imposed, one in which the chiller works in series operation reaching an output temperature, and 
other, in which de chiller is controlled to work in parallel against a cold water storage to maintain a setpoint in 
the tank. 

A simplified diagram is shown in Figure 4, along with its representation in TRNSYS. In the figure, heat flows 
are displayed in blue arrows (QCHI01 regarding the heat dissipated by the chiller, and QLsPI01 as the pipe 
losses), work flows are displayed in purple (WCHI01 as the power consumed by the electrical chiller and 
WPU01 for the pump), and mass flows with their corresponding temperatures are displayed in black arrows 
(MIn01/TIn01, MOu01/TOu01). 



 

Figure 4. Compression chiller macro (M4300). Schematic diagram and TRNSYS translation. 

This methodology is used to develop macros which allow a faster generation of decks to be run by TRNSYS. 

After running the simulations, all results are read and KPIs (Key Performance Indicators) calculated through 
the use of a Python script. 

 

2.2. Location and Demand 

This study has been carried out in Madrid where plenty of solar resource is available, and cooling demand is 
needed seasonally in summer. 

Two demand profiles have been tested, a variable demand fixed by a yearly demand of approximately 733 
MWh/y. And an experimental one, in which a constant value of 485 kW is considered. 
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(a) 

 

(b) 

Figure 5. Hourly demand profile studied (a) and monotonic curve of thermal loads (b) [kWh]. 

The hourly demand distribution and the descending monotonic curve, which indicates the application of various 
thermal loads in the system, can be observed in Figure 5 (a and b). These graphical representations are 
valuable for determining the necessary capacity that must be implemented. 

 

2.3. Technologies Considered 

The discussion in this paper intends to compare two diverse options of cooling generation, in which one of the 
main aspects to be addressed is the coefficient of performance (COP). While absorption chillers are known 
not to have high COP values due to their theoretical limitations, their main advantage is that most of their 
energy consumption is thermal (which compared to electric energy tends to be cheaper). On the other hand, 
compression chillers are found, where all their energy consumption is electrical. In this regard, a single stage 
absorption chiller has been used for this analysis which reaches an assumed COP value of 0.75. While for the 
compressor chiller a value of 3 was assumed [4]. 
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2.4. Prices Considered 

For electricity prices, the EU statistical website was used as source, and the last value available for Spain was 
selected (0.2298 €/kWh from S1,2022, for big consumers > 15000kWh) [5]. 

As not many reliable sources of pricing for technologies are available online, three different were considered 
[6–8], and a final value of 196€/kW was selected for the compression chiller and a 288 €/kW for the absorption 
chiller. 

Other than that, values for Fresnel collectors were set in 190 €/m2 and thermal energy storage (TES) were set 
in 260 €/m3. 

 

2.5. KPIs Definition 

All KPIs have been calculated according to the scientific article referenced written for the Wedistrict project 
[2,3]. 

Mostly values on Levelized Cost of Energy (LCoE) and CO2 emissions have been reviewed for comparison. 

2.5.1 LCoE 

The Levelized cost of energy (LCOE) evaluates the average net present value of energy expenditures during a 
system's lifespan. It is an important instrument for comparing various power generation technology options, 
particularly in situations where significant initial investments are required but operating costs decrease over 
time. This situation frequently occurs in systems that rely heavily on renewable sources. 

The levelized cost of energy (LCOE) methodology involves the discounting of future expenditures and earnings 
to their current value in a designated base year, thereby enabling the determination of unit costs for generating 
energy. These unit costs represent the ratio between discounted lifetime expenses and projected net present 
value (NPV) of total energy output. In effect, they correspond to an average price that consumers would need 
to pay in order to cover all associated costs while yielding a rate-of-return equivalent to that defined by the 
chosen discount rate.  

CAPEX calculations are done through the software, the value from the total system cooling capacity is also 
taken from the simulation results for this calculation. The rest of economic values are added in postprocessing 
by the script, fixing these values by the user. 

 

𝐿𝐶𝑂𝐸 =
𝐶𝐴𝑃𝐸𝑋 ∙ 𝐶𝑅𝐹 + 𝑂𝑃𝐸𝑋𝑓 +𝑂𝑃𝐸𝑋𝑣

𝑄𝐶
 

 

𝐶𝑅𝐹 =
{𝑖 · (1 + 𝑖)𝑛}

{[(1 + 𝑖)𝑛] − 1}
 

 
• 𝐿𝐶𝑂𝐸: Levelized cost of cooling energy [€/MWh]. 

• 𝐶𝐴𝑃𝐸𝑋: Capital expenditure for the equipment [€/MWh]. 

• 𝑂𝑃𝐸𝑋f: Fix operational costs for cooling [€/year]. 

• 𝑂𝑃𝐸𝑋v: Variable operational costs for cooling [€/year]. 

• 𝐶𝑅𝐹: Capital recovery factor 

• 𝑖: interest rate. 

• 𝑛: project lifetime and number of annuities received. 

• 𝑄𝑐: Cooling energy supplied per year [MWh/year].  

 

2.5.2 CO2 emissions 

The concept of equivalent emission coefficient pertains to the quantification of non-renewable fuel-derived 
greenhouse gas emissions within a district heating and cooling system. It is important to note that carbon 
emissions generated by biofuels are not considered, while accounting for the ones related to extraction, 
transformation, and transportation processes. The calculation is as follows: 

 

𝑘𝐶𝑂2 =
∑ 𝐸𝑖 · 𝑘𝑖𝑖

𝑄𝐶
 

 

 



Where: 

• 𝑘𝐶𝑂2: CO2 emission coefficient (kg/ MWh). 

• 𝐸𝑖: energy supplied by energy carrier i per year [MWh/year]. 

• ki: Emissions coefficient of energy carrier i [kg CO2/ MWh. 

• 𝑄𝑐: Cooling energy supplied per year [MWh/year]. 

 

For CO2 emissions the following table has been taken as seen in the reference [3]. 

 

Table 1. Default primary energy factor and non-renewable emission coefficient from ISO-52000 table B-16). 

 Energy carrier 
Delivered from 
distant 

 Primary energy factor Non-
renewable 
CO2 
emission 
coefficient 

 Non-
renewable 

Renewable Total g/ kWh 

 Fossil fuels Solid 1.1 0 1.1 360 
 Liquid 1.1 0 1.1 290 
 Gaseous 1.1 0 1.1 220 
 Biofuels Solid 0.2 1 1.2 40 
 Liquid 0.5 1 1.5 70 

 Gaseous 0.4 1 1.4 100 
 Electricity  2.3 0.2 2.5 420 

 Solar PV-electricity 0 1 1 0 
 Thermal 0 1 1 0 

 Exported     

 Electricity To the grid 2.3 0.2 2.5 420 
 To non EPB uses 2.3 0.2 2.5 420 

 

 
2.6. Cases Evaluated 

A first effort has been aimed to establish what appears to be the preferred technology by the users. The 
definitions on LCoE and CO2 emissions have been established for the compression chiller and studies have 
been held as to determine how much improvement does the system get from the use of PV solar panels to 
provide electricity for the system. 

Then the same indicators were established for the absorption chiller case, reviewing how much power is 
required as heat input for the system and how different variations on the supply affect the system. 

3. Results 

3.1. Compression Chiller 

First a calculation of the system with the compression chiller has been made. 

 
Table 2. Results from compression chiller system 

PV  
capacity  
[kW] 

Battery 
autonomy 
[kWh] 

TES 
capacity  
Chiller 
[m3] 

Comp. 
Chiller 
capacity  
[kW] 

Deviation 
Cooling 
demand [%] 

LCOE  
[€/MWh] 

CO2 
emission 
coefficient 
[kg/MWh] 

165.00 495.00 30.00 485.00 -4.05 59.97 40.14 

 



 

Figure 6. Photovoltaic production in analysed system and segregation [kWh/month]. 

 

From this first result we then took a step further to establish the same scenario without the PV panels, as to 
see the impact of these in the CO2 emissions, and in the LCoE of the assumed network. 

 

Table 3. Results from compression chiller system without PV panels. 

TES 
capacity  
Chiller 
[m3] 

Comp. 
Chiller 
capacity  
[kW] 

Deviation 
Cooling 
demand [%] 

LCOE  
[€/MWh] 

CO2 
emission 
coefficient 
[kg/MWh] 

30.00 485.00 -4.05 87.98 129.84 

 

These results show how LCoE values are improved by the installation of solar panels (31.8%), and how this 
investment reduces also the CO2 emissions considerably (69.1%). This can be explained by the economic 
gain of exporting electricity throughout the year by the panels, and the reduction of the consumption from the 
grid, which has its assumed associated emissions (grid not completely green, Table 1). 

 

3.2. Absorption Chiller 

As for the compression chiller a first calculation has been made with the complete assumed system. 

Table 4. Results from absorption chiller system. 

Fresnel 
Collector 
area  
[m2] 

Hot TES 
capacity [m3] 

Boiler 
capacity 
[kW] 

Abs Chiller 
capacity 
[kW] 

Chiller 
Tank Vol 
[m3] 

Deviation 
Cooling 
demand 
[%] 

LCOE 
[€/MWh] 

CO2 
emission 
coefficient 
[kg/MWh] 

1000.00 50.00 647.00 485.00 30.00 -5.94 205.67 604.75 
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Figure 7. Absorption chiller energy flows [kWh/month]. 

 

From this first result we can see a gross difference from many different levels on the two principal KPIs 
compared: 

To reduce the impact of the boiler production and its associated natural gas impact on the emissions we have 
assumed a scenario where this heat is provided by an existent net-zero emissions’ source. 

 

Table 5. Results from absorption chiller system reducing scope and emissions. 
 

Fresnel 
Collector 
area  
[m2] 

Hot TES 
capacity  
[m3] 

Boiler 
capacity 
[kW] 

Abs Chiller 
capacity 
[kW] 

Chiller 
Tank Vol 
[m3] 

Deviation 
Cooling 
demand 
[%] 

LCOE 
[€/MWh] 

CO2 
emission 
coefficient 
[kg/MWh] 

0.00 0.00 0.00 485.00 30 -5.94 122.51 181.00 

 

The installation of the absorption chiller alone assumes a greater impact on the LCoE even without installing 
a full system to supply the heat. Given all these considerations further analysis seems inconsequential at this 
maturity stage of the technology. 

The moment that this technology seems to flourish is when it works closer to its nominal operation point. It is 
interesting to compare the possibility of supplying a constant base value of cooling demand and see how this 
impacts the electrical consumption of both equipment. 

 
3.3. Constant Case 

A comparison of operations has been made for a constant demand equal to both equipment’s nominal points. 
Considering that the energy supplied by the system to the absorption chiller still comes from an existent free 
net zero emissions source, while electrical consumptions have been taken into account. 

 

 

Table 6. Results from absorption chiller with constant demand reducing scope and emissions. 
 

Fresnel 
Collector 
area  

Hot TES 
capacity  
[m3] 

Boiler 
capacity 
[kW] 

Abs Chiller 
capacity 
[kW] 

Chiller 
Tank Vol 
[m3] 

Deviation 
Cooling 

LCOE 
[€/MWh] 

CO2 
emission 
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[m2] demand 
[%] 

coefficient 
[kg/MWh] 

0.00 0.00 0.00 485.00 30 -11.17 35.49 57.03 

 

Having considered nominal operation of the system and disregarded the price of installing solar Fresnel and 
the Boiler needed to supply the thermal demand (only considering electrical supply), absorption chiller shows 
a better cost and CO2 emissions coefficient. But having made all these assumptions these results could be 
tied to too many considerations. 

Table 7. Results from compression chiller constant demand, without PV panels. 

TES 
capacity  
Chiller 
[m3] 

Comp. 
Chiller 
capacity  
[kW] 

Deviation 
Cooling 
demand [%] 

LCOE  
[€/MWh] 

CO2 
emission 
coefficient 
[kg/MWh] 

30.00 485.00 -4.05 86.70 129.84 

 

On Table 7, it is visible that the electrical consumption of the chiller for this scenario yields a higher CO2 
emissions coefficient due to its electrical consumption throughout the year.  

 

Table 8. Results from compression chiller constant demand, with PV panels. 

PV  
capacity  
[kW] 

Battery 
autonomy 
[kWh] 

TES 
capacity  
Chiller 
[m3] 

Comp. 
Chiller 
capacity  
[kW] 

Deviation 
Cooling 
demand [%] 

LCOE  
[€/MWh] 

CO2 
emission 
coefficient 
[kg/MWh] 

165.00 495.00 30.00 485.00 -4.05 64.28 105.06 

 

On Table 8, the improvement in LCoE found before due to the addition of PV panels in the variable case does 
not show the same impact, because panels do not generate the same amount of power throughout the year. 

 

3.4. Discussion 

From an economic standpoint, this system proves to be costlier for multiple reasons. Primarily, the 
implementation of absorption chillers is more financially burdensome when compared with compression 
chillers of equal capacity in terms of CAPEX (Figure 8). Additionally, since solar panels must be installed along 
with a natural gas boiler ensure diversity and generate heat input necessary for the absorption chiller’s 
generator operation, these inputs punish severely, not only the LCoE due to these equipment CAPEX and 
operational expenditure (OPEX), but also, the CO2 emission coefficients linked to the production of said 
required heat input. 

Although the absorption chiller operates efficiently during the peak months of July and August, utilizing only 
around 7% of its cooling capacity in electrical consumption, its lower coefficient of performance (0.75) 
compared to the compression counterpart (3) is significant enough to sway preference toward the compressor 
chiller option. 

The aforementioned inclination is not upheld in situations where a consistent cooling necessity is obligatory 
for the system, as solar photovoltaic mechanisms do not yield an unchanging amount of electricity throughout 
every season (as shown in Figure 9). Therefore, absorption chillers show auspicious outcomes when 
considering that their energy supply originates from an already existent source. 



 

Figure 8. LCoE and CO2 emissions for variable demand cases and percentual evolution. 

 

Figure 9. LCoE and CO2 emissions for constant demand cases and percentual evolution. 

 

3. Conclusion 
In terms of district cooling systems, the present circumstance limits options for technology selection. Presently, 
absorption chillers are viable if high-quality energy is anticipated to be wasted and their implementation can 
enhance system efficiency. However, when selecting a cooling system that will only supply a variable cooling 
demand, without any other interactions with other heating systems, the current technological state singles out 
the compression chiller as a more appropriate selection. 

There is potential for utilizing the absorption chiller heat output as an energy source, considering that the outlet 
of the generator still can be rendered as a good energy source with temperatures around 85°C. This possibility 
presents itself as an intriguing subject of research from both financial and technical perspectives particularly 
when accounting for consistent cooling requirements such as those found in data centers. 
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Abstract: 

The growing intensity of international commerce and the high share of total global greenhouse gas emissions 
by the maritime sector have motivated the implementation of regulations by the International Maritime 
Organisation to curtail large vessel emissions. Waste heat recovery is an effective way to improve ship energy 
efficiency, lower the temperature and amount of waste heat rejection to the environment, and therefore curb 
green-house gas emissions. In this article, existing and developmental on-board waste heat recovery 
technologies for maritime applications are reviewed. Emphasis is placed on the integration and performance 
of these technologies within the broader on-board energy system. Performance indicators are drawn from 
existing systems, experimental prototypes, and simulations, to quantitatively compare the different 
technologies in terms of power capacity, efficiency / coefficient of performance, heat source temperatures and 
specific cost of installation.  

Keywords: 

Energy; ECOS Conference; Waste heat recovery; Sustainability. 

1. Introduction 
It is estimated that the totality of vessels above 100 tons are responsible for approximately 3% of global 
greenhouse gas emissions [1]. Furthermore, shipping for international trade is expected to grow further in the 
immediate future [2]. Consequently, the International Maritime Organisation has set the objective of halving 
naval-related emissions by 2050 [3]. Engine waste heat recovery (WHR) is a possible pathway to 
decarbonising marine shipping. In large-bore two-stroke diesel engines, which are the propulsion method of 
choice in 96% of ships above 100 tons [4], approximately 50% of the fuel input is lost as waste heat through 
exhaust gases, cooling fluids and radiation [5]. On this basis, developing on-board WHR is a viable strategy 
to improve ship energy efficiency and curb sector wide global greenhouse gas emissions. 

Table 1 Summary of marine WHR technological reviews in the literature, and the technologies discussed in each review and the 

present review. 

  
Shu et 
al. [6] 

Singh et 
al. [4] 

Xu et 
al. [7] 

Zhu et 
al. [8] 

This 
review 

Turbo-compound systems x x   x 

Turbochargers x x    

Absorption Refrigeration x  x  x 

Adsorption Refrigeration x  x  x 

Thermoelectric Generation x x   x 

Organic Rankine Cycle x x  x x 

Steam Rankine Cycle x x  x x 

Kalina Cycle  x  x x 

Thermal Energy Storage     x 

Isobaric Expansion Engines     x 

 

WHR has been demonstrated as viable by Baldi and Gabrielli [9] who showed that WHR systems with 2- to 5-
year payback times, reducing fuel consumption by 4% to 16% respectively, are achievable. Marine WHR 
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technologies have previously been reviewed by Shu et al. [6], and by Singh and Pedersen [4]. However, these 
reviews are not recent (2013 and 2016, respectively), and are discrepant on the classification and selection of 
WHR technologies. Shu reviews exclusively turbine based WHR technologies, including power cycles, 
Rankine cycle and various forms of Turbocharging (Table 1). Turbocharging always features in large vessels, 
and should arguably be classified as relevant to the engine technology and operation rather than part of the 
WHR system [10]. Furthermore, other WHR technologies exist, such as refrigeration systems, which are 
discussed in Singh’s review, or thermal energy storage or isobaric expansion technology which are novel and 
have never been reviewed as marine WHR technologies. Some reviews have been published which focus on 
specific applications of engine WHR. Palomba et al. [11] evaluated the feasibility of applying WHR for powering 
on-board refrigeration and cooling systems on fishing vessels with some suggestions for system configurations 
and integration, while Xu et al. [7] specifically reviewed the available technologies for on-board refrigeration 
which were broadly categorised into absorption, adsorption and hybrid refrigeration system, with a partial focus 
on components. Zhu et al. [8] specifically reviewed marine engine WHR with bottoming power cycles, which 
consist of traditional Steam Rankine Cycles, Organic Rankine Cycles (ORC), and Kalina cycles. A summary 
of existing literature reviews focused on on-board engine WHR, and the discussed technologies is shown in 
Table 1. 

1.1 Motivations & specific aims 

Modern ships are evolving, and are being considered more and more as multi-energy systems, i.e. systems in 
which different types of energy (thermal, cooling, power, propulsion) and utility (clean water, steam) demands 
are designed to interact optimally with one another [12]. In view of this development and in the light of the 
existing literature landscape surrounding WHR technologies, the specific aims of this article are to provide a 
systematic, holistic, and up to date review of the current and developmental WHR technologies for marine 
applications and specifically the recovery of engine waste heat. Taken into account are the working principle, 
the possible integration to the marine energy system, and, when available, techno-economic performance 
measured in terms of efficiency / coefficient of performance, power capacity and specific cost. 

2. State of the art of on-board WHR technologies 

2.1 Waste heat recovery heat exchangers 

A conventional on-board WHR method direct recovery from exhaust gases through a WHR heat exchanger, 
and directly provide for one of the on-board thermal energy demands. With a WHR heat exchanger system, 
exhaust gases flow in the hot side, and exchange heat with water or air flowing in the cold side. According to 
Baldi et al. [13] and Jouhara et al. [14], 5 such technologies can be highlighted for marine energy systems: 

▪ Economisers: finned tube heat exchanger designed for low to medium temperature waste heat, aimed at 
heating boiler feedwater in view of steam generation in a separate piece of machinery. 

▪ Waste heat boilers: medium to high temperature exhaust gases pass through the tubes of this heat 
exchanger, exchanging heat with water flowing on the cold side with the aim to generate steam. 

▪ Recuperators: medium to high temperature exhaust gases pass the through the tubes of this HX hot side 
and exchange heat with the inlet air circulating in adjacent channels to provide for various on-board thermal 
energy demands. 

▪ Regenerators: a type of heat exchanger with some thermal capacity to temporarily store thermal energy, 
with both hot and cold fluid asynchronously using the same channels. During a so-called hot phase, exhaust 
gases flow through the channels of the regenerator, storing heat into the heat exchanger’s packing, 
generally a ceramic or refractory material. Cold fluid (air) is then circulated through the heat exchanger 
channels in a so-called cold phase to recover the stored heat. 

▪ Heat recovery steam generators: a multiple-pressure heat exchanger system designed to produce high 
quality steam from high temperature exhaust gas waste heat. Such a system typically features three 
pressure levels: economiser, evaporator, and superheater. 

2.2 Turbocompounding 

Turbocompounding consists in utilising heat in the exhaust gas stream to power a turbine system and generate 
electricity. Turbocompounding is different from turbocharging, the latter being a method for recovering exhaust 
waste heat to compress the engine intake air. Advances in turbocharging technology have resulted in a surplus 
amount of energy in the exhaust gas stream compared to the requirements for intake air compression [4], 
encouraging further use of the exhaust gas waste heat potential through turbomachinery. In the best-case 
scenarios both turbochargers and a turbocompounding WHR system can be installed together to reach high 
WHR. According to MAN, one of the main manufacturers of turbocompounding systems [5] there are three 
options for turbocompounding, ordered here by increasing efficiency and complexity PTG: power turbine 
generator unit. A so-called power turbine directly converts exhaust gas energy to electricity, recovering a 
potential 𝜂 =3-5% of fuel energy according to MAN. STG: steam turbine generator unit. Exhaust gas energy 



is used to generate steam in an exhaust gas fired boiler (EFB). The energy contained in the generated steam 
is then used to power a steam turbine. Such as system can achieve a potential 5-8% fuel energy recovery. 

 

Figure 1 Schematic representation of turbocompounding WHR PTG system, STG system and combined ST-PT system. 

ST-PT: combined steam and power turbine generator unit. Uses both preceding principles in a combined 
system with both turbines on the same shaft connected to the generator to potentially achieve 8-11% fuel 
recovery according to MAN, with a similar recovery ratio of approximately 10% for the Winterthur Gas & Diesel 
combined system [15]. These systems are shown schematically in Figure 1. In terms of maturity, 
turbocompounding is an established on-board WHR technology (technology readiness level~9) [13], favoured 
for its ease of installation and high retrofitting ability. To select the best turbocompounding system type, MAN 
recommend a PTG when the main engine power is below 15 MW, a STG for main engine powers between 15 
MW and 25 MW, and the combined ST-PT for engine powers above 25 MW. Table 2 shows typical specific 
installations costs and maintenance costs for the different types of turbocompounding systems. The data was 
synthesised by Olaniyi and Prause [16] from various turbocompounding WHR system manufacturers. 

Table 2 Installation and maintenance costs for different types of turbocompounding WHR system, data originally collected in [16], 

costs actualized and converted from dollars to euros. 

  Installation Costs [€/kW] Maintenance Costs [€/year] 

PTG 105 10,500 

STG 320 21,000 

PT-ST 420 32,000 

 

2.3 Rankine cycles 

Rankine cycles are a type of power cycle designed to convert thermal energy into useful mechanical power 
through an expander. The useful mechanical work is then converted to electricity via a generator. Thermal 
energy from the exhaust gases is used to evaporate a working fluid in the boiler (1 to 2). The working fluid 
vapour is expanded to the cycle’s low pressure level in a turbine to produce useful work (2 to 3), then 
condensed (3 to 4), before being pumped to the cycle’s higher pressure level (4 to 1) into the boiler, thus 
completing the cycle. The cycle presented in Figure 2 shows a simple Rankine cycle layout using main engine 
exhaust gas as the heat source. Steam Rankine Cycles operate with water as the working fluid and thus require 
a high temperature heat source (T>200°C) [17], whereas Organic Rankine Cycles (ORC) use an organic 
working fluid with a lower boiling point to leverage lower temperature heat sources. Cycle performance is 
typically increased using modifications to the simple cycle such as regeneration, bleeding, and multiple loop 
cycles [18]. Regeneration involves a heat exchanger to extract residual thermal energy at the turbine outlet to 
pre-heat the working fluid between the pump and the boiler. Bleeding involves extracting part of the working 
fluid to preheat before boiler entry, and as a result a secondary lower pressure circuit which is expanded in a 
secondary turbine/expander. Multiple loop cycles involve two or more working fluids with different boiling points 
to leverage the multiple waste heat streams in marine energy systems. Most proposed systems for marine 
applications include one or several of these modifications. For example, Song et al. investigated the use of 
multiple waste heat streams as thermal energy source for a ~100 kW net power output ORC, with jacket 
cooling water for preheating and exhaust gas for the evaporation of the working fluid [19]. Lion et al. 
thermodynamically investigated a similar concept, except using hot scavenge air to preheat the working fluid 
and exhaust gas for evaporation [20]. Casisi et al. [21] modelled different ORC configurations for integration 
in marine energy systems: simple, regenerated and dual loop layouts. In these cases, the high temperature 



cooling water circuit was used to preheat the working fluid. Rankine cycles have high technology readiness 
level ~ 8, with market ready systems being commercially available. Conventional ORC manufacturers are 
Ormat, Turboden and GE [22], with systems mainly targeted towards biomass, combined heat and power 
(CHP), geothermal and industrial WHR. 

 

Figure 2 Schematic representation of a Rankine cycle WHR system using main engine exhaust gas as heat source. 

Various manufacturers however offer ORC modules designed specifically for marine energy systems, such as 
Orcan-Energy’s Efficiency Pack [23], Alfa Laval’s E-Power Pack [24], or the Caltenix Mitsubishi partnership’s 
Hydrocurrent TM Organic Rankine Cycle Module 125EJW [25]. The technical performance of some of these 
systems, both market ready and theoretical, is summarised in Table 3. 

Table 3 Technical performance of marine ORCs (LT: low temperature, HT: high temperature) 

Heat Source 
Temperature [°C] 

Layout 
Working 
Fluid(s) 

Net Power 
Output [kW] 

Efficiency Ref 

315 Basic R123 625 16.38% [26] 

300 / 90 Dual Heat Sources Cyclohexane 96 20.75% [19] 

300 Parallel ORCs  R245fa 101 10.20% [19] 

293.15 Regenerated Benzene 396 22.00% [27] 

145 Regen. Toluene 684 26.70% [21] 

 

Kalina cycles 

Kalina cycles are a variation of the Rankine cycle, revolving around the evaporation of an ammonia-water 
mixture using the excess waste heat and operating an expander / generator train to generate electrical power 
[28]. The system was first introduced in 1983 as an alternative to ORCs, with higher efficiency and lower cost 
as the design objective. The crucial aspect of this cycle is that ammonia-water is a zeotropic mix, i.e., its boiling 
point changes with the respective mass fractions of the mix. Waste heat from the main engine exhaust gas is 
used to evaporate the ammonia-water zeotropic mix in the boiler. Working fluid vapour then flows through an 
expander connected to a generator, yielding electrical power transferred to the vessel main switchboard. 
Various process units internally improve cycle performance including heat recuperation and solution 
enrichment/separation processes. Detailed description of the working principle can be found in the original 
publication by Kalina et al. [28]. While the diagram in Error! Reference source not found. shows a single waste h
eat source, exhaust gases, Kalina cycles are well suited to extract heat from multiple waste heat streams 
emanating from vessel diesel engine, such as preheating the zeotropic mixture with engine cooling circuits 
[29]. The performance and some main characteristics of various Kalina cycles for WHR are shown in Table 4. 
Data presented in this table were sourced mainly from theoretical literature studies, originally synthesised in 
[30]. The wide temperature range of heat sources from the WHR applications (98°C to 566°C), despite using 
the same working fluid (albeit in different mass fractions), and range of power outputs (21.7 kW to 8,600 kW), 
showcases the flexibility of the Kalina cycle in handling different waste heat sources. Efficiency of Kalina cycles 
tends to scale proportionally with plant size and is found in a similar range to Rankine cycles between 7.5% 
and 35%. The projected cost of Kalina cycles for various plant capacities is also shown in Table 4. The capital 



cost for Kalina cycle systems above 1 MW can range from 1,000 to 1,500 €/kW, while for smaller systems, 
below 1 MW, significantly higher capital costs in the 2,000 – 3,000 €/kW range should be expected. 

Table 4 Characteristics and techno-economic performance of WHR Kalina cycles, data originally synthesized in [30]. 

Heat Source Temperature [°C] Power [kW] Efficiency [%] Cost [€/kW] Ref 

Coal combustion flue gas 150 320 12.3 2,000 – 3,000 [31] 

Engine exhaust gases & cooling 524 / 86.8 21.7 25.6 - [29] 

Engine exhaust gases 346 1,615 19.7 - [32] 

Gas turbine exhaust gases 

Gas turbine exhaust gases 

566 3,137 28.6 - [33] 

522 86,136 35.6 1,157 [34] 

Geothermal - 1,850 - 1,150 [35] 

Cement Plant - 6,000 - 1,500 [36] 

 

Thermoelectric generation 

Thermoelectric generation (TEG) is a technology designed to directly generate electricity from a heat input 
using the Seebeck effect: a temperature gradient between two semi-conducting materials produces a voltage 
gradient proportional to the temperature different. TEG is particularly valued for its ability to continuously deliver 
electricity, its compacity and ruggedness in challenging environments: the first major field of application of TEG 
was the space industry. Today TEG is investigated for industrial WHR, including in marine energy systems 
[37]. TEG is at a technological readiness level where various commercial devices are available, their techno-
economic performance being shown in Figure 3. The main drawbacks of TEG are low heat-to-electricity 
conversion efficiencies (below 5%) and low volumetric power output. 

 

Figure 3 Commercial TEG modules techno-economic performance [38]–[41]. 

Absorption refrigeration 

The principle of absorption refrigeration revolves around leveraging the low boiling point of a refrigerant 
(typically ammonia). During this phase change the refrigerant will extract thermal energy from and cool down 
another fluid (typically water) yielding the intended refrigeration effect. A schematic representation of a simple 
single-stage absorption system is shown in the context of exhaust gas WHR in Figure 4. Cooling effect is 
produced in the evaporator where the ammonia evaporation process extracts thermal energy from a water 
flow which is sent to the vessel cooling load. Ammonia vapour then flows to the absorber to be absorbed to 
form a liquid solution, which is then pumped to a higher pressure towards the generator. The ammonia vapour 
is desorbed from the solution to a new vapour phase using water heated from main engine exhaust gases, 
and this vapour phase is then returned to liquid phase in the condenser, using sea water as cooling medium. 
The condensed ammonia phase then flows towards the evaporator, thus completing the cycle. Absorption 
refrigeration differs from conventional vapour compression systems for refrigeration, in that [42]: 

▪ the vapour refrigerant is absorbed by a secondary substance to form a liquid solution before being pumped 
to a higher pressure. This process results in significantly less electrical work input compared to a vapour 
compression due to the much lower specific volume of liquid. 



▪ the refrigerant is desorbed from the liquid solution using some thermal energy input before the condensation 
stage. Herein lies the main advantage of absorption refrigeration as it is a means to produce a cooling effect 
from a thermal energy source, thus making it highly relevant for marine energy systems with waste heat 
sources and potentially high cooling load. 

 

 

Figure 4 Schematic representation of an absorption refrigeration cycle WHR system using main engine exhaust gas as heat source. 

While the system described is that of a single stage absorption refrigeration WHR system, various 
modifications and alternative layouts can help improve the performance. These alternative layouts include 
double stage, cascade and hybrid absorption / compression systems. The technical performance of various 
absorption cycles is shown in Table 5, while absorption refrigeration costs are shown in Table 6. 

Table 5 Characteristics and performance of absorption cycles, data originally synthesised in [43] 

Cycle Tevap [°C] COP Working Fluid Ref 

Single-stage cascade - 30 to 5 0.25 - 0.55 NH3 - H2O [44] 

Double-stage cascade - 20 to 0 0.17 - 0.31 H2O - LiBr // NH3 - H2O [75] 

Double stage / 0.29 H2O - NH3 [47] 

Absorption / Compression 
 

- 10 1 NH3 - H2O [80] 

 

Table 6 Absorption refrigeration costing elements, data gathered from [50] 

Design 
Heat 

Source 

Cooling 
Capacity 

(kW) 

Installed 
Cost (€/kW) 

Maintenance 
Costs 

(cts/kW/h) 

Single 
Stage 

Hot Water 
175 1945 0.195 

1540 746 0.065 

LP Steam 4620 584 0.032 

Two 
Stage 

HP Steam 
1155 973 0.097 

4620 713 0.032 

Exhaust 
Fired 

1155 1070 0.097 

3500 648 0.032 

 

Adsorption refrigeration 

A cooling effect is generated with adsorption refrigeration by leveraging the boiling point of a refrigerant at low 
temperature to extract heat from another working fluid, a similar working principle to absorption refrigeration 
discussed previously. The principal difference is that the refrigerant vapour is then adsorbed onto the surface 
of a solid sorption material, rather than absorbed into a liquid solution. The adsorbed refrigerant is then 
separated from the condensed phase using a thermal energy input during a process called desorption. Typical 
adsorption materials (so-called adsorbents) include [51] silica gel and metal-organic frameworks. 



Additionally, seawater can be used as the working fluid which can result in its desalination during the 
consecutive adsorption/desorption process; the relatively high boiling point of sea water (compared to 
traditional refrigerants such as ammonia) however limits the minimum temperature reached from the cooling 
process to that of chilled water (0°C to 5°C). A schematic representation of a two-bed adsorption refrigeration 
system with desalination function [52] is shown in Figure 5. 

 

Figure 5 Schematic representation of two-bed adsorption refrigeration system [52] 

Thus, this system can either be designed with a conventional refrigerant to generate sub-zero cooling, or with 
seawater as the refrigeration for chilling and desalination. The system shown in Figure 5 is a two-bed system 
which is a rather simple configuration of this technology. Various modifications and more advanced 
configurations can be implemented to increase overall cooling power or rate of desalination. Three [53] and 
four [54] bed systems have been investigated, along with hybrid systems specifically designed for fishing 
vessel refrigeration [11] which combine adsorption refrigeration with conventional vapour compression 
systems. Adsorption refrigeration is a novel technology, thus techno-economic data is sparse. Costing 
elements for some adsorption chillers have been derived from analogous refrigeration technologies 
(absorption and vapour compression refrigeration) and are shown in Table 7. With the current state of the art, 
the maximum cooling power for adsorption chillers is around 100 kW. 

Table 7 Cooling capacity and specific cost of various adsorption chillers. 

Model Cooling Power [kW] Specific Cost [€/kW] Ref 

InvenSor LTC30 e plus 10 - 35 1,327 [55] 

SorTech eCoo 2.0 Silica Gel IP20 16 1,188 [56] 

Unnamed Silica gel / water adsorber 8 1,331 [57] 

 

Isobaric Expansion Engines 

Isobaric expansion engines (IEE) are a type of heat-to-mechanical power converter, based on a non-polytropic 
gas expansion process at theoretically constant pressure in a cylinder [58]. IEEs encompass various engine 
concepts such as Savery, Newcomen, and Watt pumps [59], Worthington direct-acting steam engines [60], 
and Bush thermo-compressors [61]. As seen from the provided examples, IEE is an old concept which has 
nonetheless received recent attention by technology makers due to the potential for useful work production 
from low temperature heat sources (as low as 40°C) and low temperature differences (ΔT = 30°C), albeit with 
low efficiencies compared to other heat to work conversion technologies [62]. The latter of the two examples, 
Worthington and Bush-type engines have generated most of the recent interest; the Worthington engine is 
represented schematically in Figure 6 in the context of WHR, where it is assumed that marine exhaust gases 
are used to generate steam (in the EFB) that undergoes the isobaric non-polytropic expansion process in the 
IEE. At the beginning the cycle, steam inlet valve 6 is manually opened, letting steam enter cylinder 1, pushing 
piston 3 outwards and piston 4 inwards. During the entire stroke, steam enters at constant pressure with the 
inlet valve kept open, resulting in the so-called isobaric expansion. Cylinder 4 pushes the liquid out of cylinder 
2 through the self-acting outlet valve 9. 



 

Figure 6 Schematic representation of the basic working principle of Worthington steam pump in the context of marine WHR. 

When pistons 3 and 4 have fully displaced to the right-hand side, steam inlet valve 6 is closed, while liquid 
enters pumping cylinder 2 through the liquid inlet valve 8, pushing piston 4 outwards and instigating the return 
motion of the engine stroke. Piston 3 displaces steam out of cylinder 1 through steam outlet valve 7 that is now 
opened until both pistons have fully moved to the left, thus completing the pumping cycle. It is assumed that 
the steam returning from the IEE is condensed (sea water used for cooling) and pumped back towards the 
EFB. The layout shown in Figure 6 represents the simplest possible Worthington IEE. Extensive descriptions 
of more advanced IEE layouts can be found in [63]. For Worthington and Bush type IEEs, overall thermal 
efficiency can be found around 5%, for power deliveries below 1 kW, as shown in Table 8. The generated 
work can be used for a variety of on-board applications, such as powering pumps, compressors and other 
converters [58], or for water desalination [64]. However the simplest method may be to connect the IEE to a 
hydraulic circuit and generator [58]. 

Table 8 Performance characteristics of IEEs compared to thermal power pump (TPP). Data originally gathered in [62].  

  
Cylinder 
Volume [L] 

Cycle 
period [s] 

Power 
[W] 

Volumetric Power 
[W/L] 

Efficiency [%] Ref 

TPP system 1.8 200 1 0.6 0.5 [65] 

IEE-Bush 0.02 2.5 20 1200 6.4 [62] 

IEE-Worthington 1 4 500 500 5.4 [62] 

 

Thermal energy storage 

Thermal energy storage (TES) is a technology designed to resolve the mismatch between heat availability and 
demand, particularly relevant for renewable thermal energy sources, namely solar, geothermal, and waste 
heat recovery. TES is classified into three distinct technologies [66], listed here in order of increasing 
complexity, cost, and energy storage density potential: 

▪ Sensible TES (STES): heat is stored/released by increasing/decreasing the temperature of a solid or liquid 
[67]. STES materials include water, rocks, sand, molten salts, and metallic materials.  

▪ Latent TES (LTES): heat is stored as the phase-change enthalpy of the melting/boiling process of a 
solid/liquid called phase change material (PCM). The reverse phase-change process is performed for 
discharge. 

▪ Thermochemical energy storage (TCS): heat is stored/released as the reaction enthalpy of reversible 
exothermic/endothermic reactions. Typical thermochemical reactions for TCS include water sorption onto 
zeolite or other sorbents, hydration of inorganic salts, carbonation and oxide-reduction reactions. 

The schematic representation of a thermal energy storage system integrated to a marine energy system is 
shown in Figure 7. TES is a passive WHR technology that doesn’t directly convert waste heat to useful work 
but acts as a buffer to either store and release heat based on on-board demand or enable other WHR heat-
to-X converters to operate with higher efficiency, such as power cycles. 



 

Figure 7 Schematic representation of the integration of TES to a marine energy system. 

The system shown in the figure considers a single temperature level, with heat recovered from the exhaust 
gases. In real marine energy systems, TES has been envisioned for the storage of heat through a cascade of 
LTES systems with different PCMs each adapted to the temperature levels of the multiple onboard waste heat 
streams, potentially recovering 10% to 15% of fuel input as stored heat [68]; for the production of hot water on 
cruise ships to reduce by up to 80% fuel consumption in auxiliary boilers using a 1,000 m3 thermal oil-based 
STES [69]; for synergistically improving other WHR technologies, similarly to conventional WHR [70]. Excess 
heat stored in an LTES can be released at approx. 100°C to evaporate the working fluid in an on-board ORC 
[71]. An important design decision is how heat is transported to the TES and exchanged with the storage 
material. Typical techno-economic performance characteristics of various TES systems with these layouts are 
shown in Error! Not a valid bookmark self-reference.. STES generally displays low energy storage density (> 
50 kWh/m3), and TCS too low of a technological maturity, for realistic implementation in marine energy 
systems; thus, LTES can be considered as the most suitable TES sub-category for on-board WHR.  

Table 9 Techno-economic performance of various TES systems, data originally synthesised in [72]. ST: shell and tube, PB: packed 

bed, TT: tube-in-tank. 

Type Material Energy Storage 

Density [kWh/m3] 

Efficiency 

[%] 

Volume 

[m3] 

Cost 

[€/kWh] 

Ref 

PB - LTES Li2CO3/K2CO3/Na2CO3 66 80% 2 - [73] 

PB - LTES Li2CO3/K2CO3/Na2CO3 115 61% 83,333 - [74] 

ST - LTES Sodium Nitrate - - 77,161 65 [75] 

ST - LTES KOH - - 83,333 19 [76] 

TT - LTES Paraffin RT82 - - 6 260 [77] 

TT - LTES Sodium acetate trihydrate - - 2,500 58 [78] 

 

Conclusions 
This article presented a systematic review of waste heat recovery technologies applicable to marine energy 
systems. The technologies were mainly characterised by their power capacity, efficiency / coefficient of 
performance, and specific investment cost. Furthermore, their applicability to marine energy systems for diesel 
engine WHR was discussed. It emerges from the review that: 

▪ The turbine-driven heat-to-power technologies, i.e., turbocompounding systems and Rankine cycles, 
display the highest technological readiness level with market ready and proven systems, and highest 
potential power output each in the order of magnitude of at least 200 kW to 3 MW. These waste heat 
recovery technologies also have a high range of applicability since high electrical demand is likely 
regardless of vessel type and voyage. 

▪ Kalina cycles typically show the same technical performance as Rankine cycles, but should still be 
considered as an unproven technology, with insufficient practical applications in conventional WHR let 



alone marine waste heat recovery. Thermoelectric generation shows promising characteristics but low 
power outputs for individual modules severely limit economic viability. 

▪ Through other technologies such as adsorption, absorption, and isobaric expansion engines, waste heat 
can be recovered and converted to other forms of useful work than electrical power. The suitability of the 
technology depends on the types of on-board energy demands which in turn depends on the vessel and 
voyage type.  With their current technology readiness level however, only absorption refrigeration can 
deliver net power output in the same order of magnitude as the most powerful waste heat recovery 
technologies: 100 kW to 5 MW for absorption refrigeration, 8 kW to 35 kW for adsorption refrigeration, 
isobaric expansion engines are unproven beyond 1 kW. 

▪ Thermal energy storage is in its own class of passive WHR technology, best used synergistically with other 
WHR technology to improve their performance by matching waste heat availability with on-board demands. 
Latent thermal energy storage is the best suited technology for on-board applications. 
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Nomenclature 
COP Coefficient of Performance 

IEE Isobaric Expansion Engine 

LTES Latent Thermal Energy Storage 

ORC Organic Rankine Cycle 

PB Packed Bed 

PCM Phase Change Material 

PTG Power Turbine Generator 

ST Steam Turbine 

STES Sensible Thermal Energy Storage 

STG Steam Turbine Generator 

ST-PT Steam Turbine – Power Turbine 

TCS Thermochemical Energy Storage 

TEG Thermoelectric Generation 

TES Thermal Energy Storage 

TT Tube-in-Tank 

WHR Waste Heat Recovery 
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Abstract: 

This communication presents the study of a new hybrid system consisting of a buried rainwater tank 
thermally activated through a water-to-water heat exchanger. This low-tech solution, little studied in the 
literature, performs the passive cooling of buildings and reduces domestic water network consumption (for 
non-potable uses). Firstly, experimental results obtained from two full-scale prototypes are presented. Then, 
numerical studies are discussed.  
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1. Introduction 
With climate change, summer comfort and CO2-emission reduction are two increasingly relevant topics. In 
this project, we are trying to develop a low-tech system allowing for the cooling of indoor spaces without 
using refrigerants or with a reduced energy expense. 

The literature review shows a lack of detailed studies of such systems. The exploitation of experimental data 
of cold and hot water tanks connected to a thermo-active building system was treated by Kaltz [1], where the 
authors demonstrate that a 11 m3 cistern could provide about 1000 kWh of cooling energy over a whole year. 
Simulation studies have been carried out by Upshaw [2] with the study of a non-buried rainwater storage 
tank. The approach considered the rainwater tank as a means of shifting the electrical peak load of an air 
conditioning unit. Sodah [3] simulates an open system with an aeration loop enhancing evaporative cooling 
but calculation is only monthly. While Gan [4], considered a tank with special design heat exchanger as a 
heat source for a heat pump (active system), which is also different from our approach. Marigo [5], also 
considered a ground coupled heat pump but the cold source is much closer to the rainwater tank we studied. 
The ground heat exchanger consists of helical shaped pipe in polyethylene immersed into a concrete-built 
water tank. The size of the tank and pipe are almost the same as our prototypes. To the best of our 
knowledge, the modelling of variable free-surface water storage and the related mass and heat transfers 
involved appears to be poorly documented.  

To set up the model, the physical equations from both usual domestic water tanks and atmospheric 
reservoirs were combined, taking into account heat transfer between air and water. We hence aim here at 
establishing and validating an equation-based physical model, using the data of two full-scale prototypes in 
operation since July 2021.   

In further works, the model will be coupled with a state-of-the-art building energy simulation tool in order to 
estimate the relevance of the system regarding summer comfort.  

This work is organised as follows: first the principle of the system is explained, then the experimental setup 
and results are described and eventually a first version of numerical model and simulation is presented.  



2. Main concept of the Rainergies system 
The basis of the solution described consists in a new or existing buried rainwater tank, initially used for 
rainwater collection as non-potable domestic water and the relief of sewage networks. In France, the water 
resources management legislation locally enforces the water management at parcel level which could 
democratize the use of such rainwater tank. A helicoidal water-to-water heat exchanger (HX) is placed in the 
tank in order to take advantage of the heat storage capacity of water as a by-product. Thanks to an air-to-
water heat exchanger connected to the ventilation supply duct, the tank delivers cooling energy to the 
building during summer [6].   

In summary, the “Rainergies” system consist in following elements: 

▪ A water tank for rain collection, 

▪ A water/water coil heat exchanger immersed in the rainwater tank, 

▪ A water/air heat exchanger placed after the supply air duct and connected to the immersed coil. 

 

Figure. 1.  Schematic diagram of the Rainergies principle (not at scale). 

3. Experimental Study 

3.1. Experimental set-up 

Three Rainergies prototypes are installed in different locations in Alsace, France, in a semi-continental 
climate [7]. For the sake of conciseness, this article focuses on one prototype, located in Haguenau.  

It consists of a 11 m3 tank made of precast concrete with a coppered hundred-meter-long coiled heat 
exchanger. The surrounding ground is dry sand. A 1 kW cooling coil, placed before the double flow air 
handling unit, allows the heat transfer from the water loop to the supply air ventilation of a 150 m² family 
house which dates from the 1930’s but has been retrofitted lately to match current standards of the French 
building energy code.  

Another prototype, also installed in a residential house, is very similar. The third system is located under a 
small office building with a larger tank of 25 m3 and two immersed coils.  

These prototypes will be the topic of a future communication, allowing to compare results with different 
setups (e.g. the position of the coil in the double flow mechanical ventilation) and ground properties 
(sandstone and groundwater flow).    
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3.2. Measurements  

Presently, the Haguenau prototype is monitored with more than 25 sensors connected to dataloggers, with a 
minimum timestep of 10 min. The devices were installed in the summer 2021 and consolidated data is 
available since early 2022. The main measured data are:  

▪ Water temperature stratification thanks to 5 fixed dataloggers evenly distributed over the height of the 
tank (0 m, 0.5 m, 1 m, 1.5 m, 2 m). 

▪ Water level through total pressure of the bottom of the tank. 

▪ Air temperature and humidity inside the tank. 

▪ Temperatures at the air-to-water heat exchanger limits (both air and water). 

▪ Meteorological data including rainfall, global solar radiation, air temperature and humidity.  

▪ Temperature inside the buildings (at air vent and in the room) 

3.3. Experimental Results 

The results observed in winter operation mode and summer operation are encouraging. 

During summer operation, as observed on Figure 2, the system can decrease the supply temperature of the 
ventilation by up to 13 °C, keeping indoor temperatures of the monitored houses under 27°C during the 2022 
summer heatwave. The cooling energy between the 14th of May to 1st of September reached 455 kWh 
(considering an average ventilation flow rate). The average cooling power is 365 W but peaks of 1 kW were 
observed. Measurements show little variation of the air-to-water heat exchanger efficiency between [0.64 ; 
0.88] with an average of 0.82 ± 0.16 which is consistent with the design value. 

 

Figure. 2. Air-to-water heat exchanger, summer operation (a) and its cooling power produced and efficiency 
(b) (2022 – Week 31 – Haguenau). 
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In winter, it is also possible to use the energy in the tank for preheating before it passes through the double 
flow ventilation. This preheating is necessary to protect the ventilation elements from freezing in case 
negative outdoor temperatures. It is usually provided by an electrical heater. On the Haguenau prototype, 
this phenomenon was observed during 120 h over the winter period 2021-2022 (November 1st to March 15th), 
corresponding to ~ 39 kWh saved. The power supplied reaches 500W (average of 230W) and the air 
temperature was maintained above 0 °C despite outdoor dry bulb temperatures of - 6 °C (see Figure 3). 

Thus, the system also allows for energy savings in winter (though in moderate quantities). Noticeably, winter 
operation allows to cool down the reservoir and its surrounding ground, which is beneficial for summer 
operation, as it participates to a seasonal energy storage.  

 

Figure. 3. Air-to-water heat exchanger, winter operation (2021 – Week 51 – Haguenau). 

One of the difficulties of this project is to well assess the input parameters and their influence on the system 
behaviour. The experimental observation phase of the project can help to highlight and understand these 
events. For example, during rainfall the water temperature inside the tank is influenced by the quantity of rain 
but also its temperature (see Figure 3 – “T_Xm” meaning that the temperature sensor is at X m starting from 
the bottom of the tank) : during rainy events, for similar quantities water the temperature in the tank may drop 
significantly differently (up to 3 K). As this phenomenon is not observed after each rainfall, the hypothesis 
can be made that the temperature of the rain arriving in the tank is in cause. This parameter is difficult to 
evaluate, depending on pressure, air temperature but also probably of the roof surface temperature 
(harvesting surface) however recording the temperature inside the tank rainwater filter will allow in the future 
to validate the rain temperature model chosen.    

 

Figure. 4. Rainwater tank during rainy event with influence on the water temperature (a) and without 
influence (b) (2022 - Week 39 - Haguenau). 
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4. Numerical Modelling 

 

Figure. 5.  System thermal balance. 

4.1. Tank model 

In first approach the tank is modelled with two temperature nodes, the ambient air temperature Ta (Eq. (2)) 
and the water temperature Tw (Eq. (1)), computed through the following thermal balances (a graphical 
representation of notations is given in Figure 5).  

𝜌𝑤𝑐𝑝𝑤

ⅆ𝑉𝑤𝑇𝑤

ⅆ𝑡
= −�̇�𝑙𝑜𝑠𝑠,𝑤 −  �̇�𝑐𝑣 − �̇�𝑟𝑎𝑑 − �̇�𝑒𝑣𝑎𝑝 + �̇�𝐻𝑋,𝑤 + �̇�𝑟𝑎𝑖𝑛 + �̇�𝑑𝑐𝑤 + �̇�𝑡𝑜𝑖𝑙 + �̇�𝑔𝑎𝑟𝑑 + �̇�𝑜𝑓 (1) 

𝜌𝑎𝑐𝑝𝑎

ⅆ𝑉𝑎𝑇𝑎

ⅆ𝑡
= −�̇�𝑙𝑜𝑠𝑠,𝑎 +  �̇�𝑐𝑣 − �̇�𝑜𝑢𝑡 + �̇�𝑖𝑛 (2) 

The different heat flows �̇�𝑋 are detailed below, starting with the water node thermal balance.  

▪ �̇�𝑙𝑜𝑠𝑠,𝑤 =  𝑈𝑤,𝑔𝑟𝑆𝑤(𝑇𝑤,𝑔𝑟
̅̅ ̅̅ ̅̅ − 𝑇𝑤) represents the convective and conductive losses from the water through the 

wall with Uw,gr the heat transfer coefficient, taking into account the convection and conduction resistance, 

and 𝑇𝑤,𝑔𝑟
̅̅ ̅̅ ̅̅  the weighted mean temperature of the ground adjacent to water,.  

▪ �̇�𝑐𝑣 =  ℎ𝑐,a−w𝑆𝑤−𝑎(𝑇𝑎 − 𝑇𝑤) is the convective flux between the water and the air, with ℎ𝑐,a−w the convection 

coefficient.  

▪ �̇�𝑟𝑎𝑑 = ℎ𝑟,w−w𝑆𝑤−𝑎(𝑇𝑤𝑎𝑙𝑙
̅̅ ̅̅ ̅̅ − 𝑇𝑤) stand for the radiative exchange between the surface water and the wall 

above it, with ℎ𝑟,w−w the linearized radiative coefficient and 𝑇𝑤𝑎𝑙𝑙
̅̅ ̅̅ ̅̅  the weighted mean temperature of the 

wall.  

▪ �̇�𝑒𝑣𝑎𝑝 = 𝑞𝑚,𝑒𝑣𝑎𝑝𝐿𝑣  is the latent loss due to water evaporation, with Lv the vaporization latent heat and 

𝑞𝑚,𝑒𝑣𝑎𝑝 the evaporation mass flow rate computed thanks to Hen’s correlation [8].  

▪ �̇�𝐻𝑋,𝑤 = 𝑞𝑚,𝐻𝑋𝑐p,gw(𝑇𝐻𝑋,𝑜 − 𝑇𝐻𝑋,𝑖)  represents the heat flux extracted from the water-to-water heat 

exchanger. 

▪ �̇�𝑟𝑎𝑖𝑛 = 𝑞𝑚,𝑟𝑎𝑖𝑛𝑐𝑝,𝑤𝑇𝑟𝑎𝑖𝑛  is the heat flux due to precipitation and is treated as an advection flux. The same 

approach is used for the district cold water intakes, toilet flushing, gardening, or overflowing withdrawals 

represented by �̇�𝑑𝑐𝑤, �̇�𝑡𝑜𝑖𝑙 , �̇�𝑔𝑎𝑟𝑑 , �̇�𝑜𝑓 respectively.  

The air node thermal balance is presented below.  

z

zgr

zw

zmin

zmax

THX,o , qm,HX

THX,i , qm,HX

Tout , qv,vent
Tsupply , qv,vent



▪  �̇�𝑙𝑜𝑠𝑠,𝑎 = 𝑈𝑎,𝑔𝑟𝑆𝑎(𝑇𝑎,𝑔𝑟
̅̅ ̅̅ ̅̅ −  𝑇𝑎) expresses also the convective and conductive losses through the wall but on 

the air side (similarly 𝑈𝑎,𝑔𝑟 stand for the heat transfer coefficient and 𝑇𝑎,𝑔𝑟
̅̅ ̅̅ ̅̅  the weighted mean temperature 

of the ground in contact with the air.  

▪ �̇�𝑜𝑢𝑡 = (𝑞m,out + 𝑞𝑚,𝑙𝑒𝑎𝑘)𝑇𝑎 is an advection flux considering the air volume changes and the air leakage 

from the tank to the outside. �̇�𝑖𝑛 is its counterpart but from the outside to the tank.  

The inlet and outlet temperatures of the coil are computed through both equations of the air-to-water and 
water-to-water heat exchanger. As mentioned in the experimental results section, the air-to-water heat 
exchanger efficiency does not vary much, hence it is assumed constant which is also consistent with the 
forced convection that takes place in the exchanger. For the first simulations, the same hypothesis has been 
made for the water-to-water heat exchanger efficiency. The supply air temperature is determined by the 
equilibrium of the heat flow at the air-water heat exchanger. 

4.2. Ground model 

The ground is assumed to be homogeneous with constant properties not depending on the soil moisture. As 
the heat transfer is symmetrical according to the z axis, the 2D heat transfer equation in cylindrical 
coordinates was used:  

𝜌𝑐𝑝

𝜕𝑇

𝜕𝑡
= 𝜆 (

𝜕2𝑇

𝜕𝑧2
+

𝜕2𝑇

𝜕𝑟2
+

1

𝑟

𝜕𝑇

𝜕𝑟
) (3) 

The numerical model for the heat equation is a discrete finite volume formulation of Equation (3). Depending 
on the volume location, thermal properties are adapted. A source term is added on the superficial node to 
consider the solar radiation. In this first model, the spatial discretisation is constant with 50 cm mesh, but it is 
intended that following models integrate a variable space discretisation with local refinements around the 
tank. The variation of ground moisture content is not modelled in this first model. 

4.3. Solving Procedure 

In order to solve simultaneously for the air, water and ground temperatures, the semi-implicit Crank-Nicolson 
numerical method was used as described by Walther [9]. It has the advantage of unconditional stability and 
is of second order in space and time. 

5. Model validation 

5.1. Simulation hypothesis 

Input parameters, such as weather data or geometrical parameters, are extracted from measured prototype 
data. Glycol water mass flow and air ventilation flow are considered constant respectively at 0.14 kg.s-1 
according to the design value and 240 m3.h-1 according to one-off measurement values.  Convection 
coefficients were assessed for steady state and kept constant throughout the simulation.  

Marigo [5] using a previous study of Kusuda and Achenbach [10] explains that ground temperatures without 
thermal perturbations (e.g. geothermal probe or buried tank) depend on ground properties and outside air 
conditions (average annual air temperature and annual air temperature amplitude) :  

𝑇𝑔𝑟𝑜𝑢𝑛𝑑(𝑧, 𝑡) =  𝑇𝑚 − 𝐴𝑇𝑒
−𝑧√

𝜋

𝛼𝜏𝑦𝑒𝑎𝑟 cos (
2𝜋

𝜏𝑦𝑒𝑎𝑟
(𝑡 − 𝑡0 −

𝑧

2
√

𝜏𝑦𝑒𝑎𝑟

𝛼𝜋
)) (4) 

Tm is the annual average air temperature (°C), AT is the annual amplitude of monthly average air temperature 
[°C], α is the ground thermal diffusivity (m2.s-1), τyear is the annual periode (s) and t0 is the date of the 
minimum surface temperature (s). Figure 6. shows the ground temperature variation as function of depth 
from the surface during the year, which is relatively stable at a 10 m depth. The ground temperature is 
therefore assumed constant at a depth of 10 meters below ground level (lower boundary condition). The soil 
temperature for 0 < 𝑧 < 10 m is initialised according to this model. 



  

Figure. 6. Calculated ground temperature against depth for several week in Haguenau 

The outdoor weather data are used as boundary condition for ground surface (temperature, wind and solar 
flux). 

The input parameters are summarized below.  

Table 1.  Input parameters of the conducted simulation. 

Parameter value 

Simulation parameters  
Timestep 600 s 
Spatial step through z axis 0.5 m 
Spatial step through radial axis 0.5m 
  
Geometrical dimensions   
Tank diameter  2.5 m  
Tank height  3 m  
Roof surface 180 m² 
Ground domain depth  10 m 
Ground domain radius 10 m  
  
Material properties  
Ground thermal conductivity 0.7 W.m-1.K-1 

Ground heat capacity 850 J.kg-1.K-1 

Ground density 1600 kg.m-3 

  
Heat transfer coefficients  
Water-to-water HX efficiency 0.7 
Air-to-water HX efficiency 0.8 
Water to tank wall convection coefficient 20 W.m-2.K-1 

Air to tank wall convection coefficient  7 W.m-2.K-1 
Air to water surface convection coefficient 6 W.m-2.K-1 

 

5.2. Numerical results 

The prototype setup was simulated over the summer period (from the 14/05/22 to the 31/08/22), using the 
boundary conditions described in previous section.  

The simulation results obtained are presented on Figure 6, depicting the simulated versus measured water 
tank temperature (above) and the supply air temperature (below). This first model exhibits a correct 
behaviour in terms of dynamics of the phenomenon, although the magnitude of variations can possibly be 
fine-tuned. 

Considering the simplifications made, the numerical results are very encouraging: the dynamics of water and 
air temperatures are respected and the simulated water-to-water heat exchanger inlet and outlet temperature 
and air supply temperature globally match the experimental data. 



 

Figure. 7.  Experimental and numerical data 

Table 2.  Root mean square error (RMSE) between numerical and experimental results 

Analysed output Root Mean Square Error (°C) 

Air tank temperature 1.62 
Water tank temperature 2.66 
Inlet HX temperature 1.09 
Outlet HX temperature 1.19 
Supply temperature 1.22 

 

In terms of RMSE, the preliminary simulation results obtained are as follow: the highest error is made on the 
tank temperature prediction (2.77 K) and errors of the order of 1.09 to 1.62 K are made on other 
temperatures. 

In order to reduce the discrepancy between model and measurement, a sensitivity analysis of the model to 
its input parameters was undertaken. 

5.3. Sensitivity analysis 

In order to identify the influential parameters of the model, with the intention to obtain a better fit between 
model and measurements, a preliminary sensitivity analysis was conducted. We used Morris’ [11] “one-at-a-
time" sensitivity analysis method, taken up by Campolongo [12], which provides a ranking of parameters with 
an acceptable computational expense, given the involved simulation time (id est approximately 2 hours 
computation for 1 month simulated). The principle of Morris’ method, nowadays widely used in the building 
simulation community, consists in computing the average elementary effect of the variation of one parameter 
at a time, usually for a dozen of repetitions. This was performed using the state-of-the-art SAlib python 
library. 



 

Figure. 8. Elementary effects of Morris’s sensitivity analysis on the water tank temperature (a) and on the air 
tank temperature (b) 

The investigation focusses on ground properties, thermal convection coefficients and the efficiency of the 
water-to-water heat exchanger.  

The results obtained on the water tank temperature and air tank temperature are presented on Figure 7. 
Similar studies were also conducted on the inlet and outlet heat exchanger temperature and on the supply 
air temperature. The conductivity of ground, the thermal capacity of the ground and the density of ground are 
the three first influent parameters. The reservoir wall convective transfer coefficient of water is also influent 
on the water tank temperature.  

The results show that following parameters are particularly influent on the outputs: 

▪ All ground properties are significant on the water temperature output. Therefore, assessing those 
coefficients will be crucial for future work.    

▪ The convection coefficient between wall and water, which calls for the numerical implementation of a 
temperature dependent correlation.   

As a sequel, a parametric fit optimisation on the most influent parameters will be undertaken, with the aim of 
obtaining a better prediction of the measured temperatures. 

6. Discussion 
On the experimental side, the primary results exhibit good result with outside air temperature reduction of 
more than 10 K and cooling power reaching 1 kW. Noticeably, this system does not aim at replacing air 
conditioning, but it can reduce its use, especially in high-performance buildings. During winter, the prototype 
can pre-heat the air to protect the installation from frosting, saving the use of an electrical heater.  

It is foreseen to conduct data acquisition within shorter timestep to try to better understand short-timed event 
such as rainfall and its impact on the rainwater tank temperature.  

Regarding numerical aspects, ensuing the sensitivity analysis, a parameter fitting procedure will be lead in 
order to minimize the discrepancy between the model and measurements. Moreover, the models need 
improvement which have already been planned. The rainwater tank needs to integrate the water stratification 
and a better evaluation of air leakage which can strongly influence both air and water temperature. Thermal 
convection coefficients and water-to-water heat exchanger efficiency need also a finer calculation, e.g. 
depending on the air or water temperature instead of constant values. The time calculation will also be 
enhanced by changing the solving method and switching to a sparse linear algebra library. It will allow 
shorter time calculations and thus offer more options in terms of sensitivity analysis but also optimization.  
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7. Conclusion and perspectives 
Coupling the model with a building energy simulation tool will allow in future works to optimize the controls 
and test the solution in different conditions (climate, …). It is also planned to explore the use of a dew point 
cooler that can provide extra cooling power by water evaporation into exhaust or supply air.  

Moreover, with the rise of drought frequency, the applications of rainwater collection may widen, for example 
with the use of rainwater for laundry. This raises several new questions about the quality of the water stored 
in the tank. The water temperature increase may lead to microbiologic development, which can make the 
water unsuitable for certain uses (such as supply for washing machine). It is also possible for a biological film 
to develop on the heat exchanger leading to fouling and deterioration of its performance. This problem is not 
very common and deserves some investigation. 

The applicability of such systems in real configurations, the performance prediction and the determination of 
design guidelines is obviously one of the objectives of the research conducted here, be it for commercial 
buildings or housing applications. 
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Nomenclature 
cp  heat capacity, J.kg-1.K-1 

D  diameter, m 

hc  convection coefficient, W.m-2.K-1 

HX  heat exchanger 

�̇�  heat flux, W 

qm  mass flow, kg.s-1 

qv  volume-flow, m3.h-1    

RMSE Root Mean Square Error 

T  temperature, K 

z  altitude, m 

Greek symbols 

α  thermal diffusivity, m2.s-1 

λ  thermal conductivity, W.m-1.K-1  

ρ  density, kg.m-3 

τ  oscillation period 

Subscripts and superscripts 
a  air 

cv  convection 

dcw district cold water 

evap evaporation 

gard garden 

gr  ground 

HX,a air to water heat exchanger 

HX,w water to water heat exchanger 

HX,i heat exchanger inlet 

HX, o heat exchanger outlet 

in  to tank inside air 

loss,a wall in contact with the air 

loss,w wall in contact with the water 

of  overflow 

out  to outside 

toil  toilet 

rad radiative 



vent ventilation 

w  water 
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Abstract: 

In general, any changes to room temperature for energy savings should not impact the occupants’ thermal 
comfortability. Therefore, the thermal control strategy should meet the occupants’ thermal comfortability 
expectations while exploring the energy consumption reduction strategy. The paper presents our preliminary 
work in developing “people-centered” energy-saving methods. The work starts with building a CFD thermal 
dynamic model of the room by using an actual kitchen as the prototype. The model can simulate and derive 
the temperature at any position within the room space and capture its temperature dynamics. Then, a target-
tracking people-centered control strategy is proposed. With the occupant’s motion and position changes, the 
model can calculate the room temperature at the point where the occupant is located. The objective of the 
control is to ensure the occupant’s thermal comfortability. The initial simulation study indicates that the 
target-tracking control strategy could potentially save 23.32% more energy and greatly enhance the 
occupant’s thermal comfort compared to a fixed-position sensor-based control strategy. 

Keywords: 

Thermal Comfort Control; Energy Efficiency; CFD; Thermal Dynamic Model. 

1. Introduction 
The UK government has set an ambitious target to reduce emissions by 78% by 2035 compared to the 1990 
level [1]. A more ambitious goal is to achieve zero carbon emissions by 2050 [2]. To achieve this target, 
significant efforts must be made for decarbonizing power generation, heating, and road transportation [3]. 
Power generation from renewable energy sources has proliferated in the past ten years [4]. However, 
emissions from heating are almost unchanged.  Without decarbonising heating, Net Zero goal has no way to 
be achieved as heating contributes nearly half of the energy consumption in the UK, in which 57% is used to 
meet domestic space heating and hot water demands [5]. Electric heating using power from renewable 
energy sources can promote heating decarbonization and proper electric heating management may support 
flexible grid operation to allow increased integration of variable renewable energy [6]. Heating electrification 
in coordination with power generation from renewable energy is considered as feasible way of emission 
reduction [7].  

It is well known that conversion from electricity to heat has an efficiency of 100%. However, the utilisation of 
the converted thermal energy may not have 100% efficiency while in a heating system. For space heating, 
temperature distribution and air velocity affect the occupant's thermal comfort level which will lead the 
variations to energy consumed. A good control strategy for an electric heating system should satisfy the 
occupants’ thermal comfortability while minimising energy consumption.  

The room thermal models with high fidelity are essential for thermal comfort control strategies [8]. Room 
thermal models can be divided into three categories: white, black, and grey box models [9]. The white box 
model is based on the derivation of physical equations and assigning values to parameters in the model 
based on empirical knowledge [10]. Jradi et al. [11] developed a dynamic energy performance model for four 
buildings in Aarhus, Denmark, considering realistically measured physical parameters of components such 
as roofs, exterior walls, windows, doors, and floors. The model guides the analysis and evaluation of energy 
retrofits in buildings. The black box model is a purely data-driven model that uses artificial neural networks 
(ANN) to model the mapping of input parameters to desired output parameters [12]. Attoue et al. [13] 
proposed an ANN-based indoor temperature prediction model that considers the effects of solar radiation, 

mailto:yunfei.bai.1@warwick.ac.uk
mailto:chenghao.li@warwick.ac.uk
mailto:wei.4.he@kcl.ac.uk
mailto:jihong.wang@warwick.ac.uk


historical indoor and outdoor temperatures, and indoor and outdoor humidity on indoor temperature. The 
grey-box model is a hybrid model that uses physical knowledge to build a mathematical model and uses 
ANN to mine the relationships between a large amount of actual residential thermal data to obtain the values 
of the parameters in the model [14]. Hu et al. [15] developed a self-learning grey box room thermal model 
which uses indoor air and outdoor air temperatures to pre-estimate and scale the model parameters. Case 
studies show that the model can accurately predict indoor air temperature variations. 

However, in these models, the temperature distribution in a space is normally assumed to be uniform. In this 
way, it is common for occupants to experience differences in thermal comfort in different parts of the room, 
with some areas feeling hot and others cold, which will affect the occupants’ thermal comfortability and may 
be accompanied by an increase in energy consumption. Focusing on this challenge, this paper explores 
energy efficiency control strategies for occupant comfort enhancement based on a thermal dynamic model of 
the room.  

The main contributions of the paper present: i) a thermal dynamic model could predict the temperatures of 
any position point in a room space is built; ii) a target-tracking energy saving control strategy to enhance the 
occupants’ thermal comfortability is proposed; iii) a simultaneously evolving dynamic thermal models and 
occupant thermal comfort-oriented control strategies is implemented based on a co-simulation multi-platform.  

2. Description of a target-tracking thermal comfort control system   
The target-tracking thermal comfort control system is shown in Figure 1. The aim of the control system 
developed to achieve energy efficiency while maintaining the occupant’s thermal comfort. Three parts form 
the control system: room CFD thermal dynamic model, occupant location recognition, and control strategy. 
The parameters and location of the electric heater are fed to the CFD model to simulate heat dissipation and 
transfer in the room as a heat source. Then, the room temperature distribution will be calculated and updated 
via the CFD simulation during each simulation time step. By this way, the temperature at different mesh point 
locations in the room can be obtained. The occupant location recognition is performed by synthesizing the 
sensors’ data so the temperature of the occupant’s activity zone can be obtained. The control strategy will be 
formulated to regulate the heat dissipation power of the electric heater. The study is based on INVENTOR 
and COMSOL software to build room CFD thermal dynamic model and on COMSOL and SIMULINK 
software to develop and simulate control strategy. The occupant location recognition part is achieved by an 
occupant random path generation model based on MATLAB software.   

  
Figure. 1.  Target-tracking thermal comfort control system illustration 

3. Room CFD thermal dynamic model 
Different from the current room thermal models assuming a uniform temperature distribution in the room 
space, the paper explores the room thermal dynamics and temperature distribution via a CFD simulation 
which will be performed with the information of room boundary conditions and the heat source (an electric 
heater in this study); the CFD model will be able to provide the temperature distribution for a different 
location in the room 3D space, and the resolution depends on the choices of mesh. 



The CFD thermal dynamic model is built with the benefits of two software packages: INVENTOR and 
COMSOL. As shown in Figure 2(a), the laboratory kitchen is chosen as a base space for modelling. Use 
INVENTOR software to generate a 3D model of the room with consideration of the shapes and spaces of the 
interior furniture and appliances. The 3D room model is shown in Figure 2(b). The electric heater is the only 
heat source located in the room to heat up the space. The synchronization of this 3D room model in 
INVENTOR and COMSOL software is achieved via LiveLink for Inventor interface. In COMSOL, by assigning 
physical parameters to the components of the 3D room model and adding multi-physics field, the CFD model 
will obtain the temperature distribution inside the room space. Figure 2(c) shows the room CFD model mesh 
used in simulation.  

 
Figure. 2.  a) The room, b) 3D model of the room, c) illustration of the room CFD dynamic thermal model 
mesh 

In order to get the information about the temperature distribution inside the room space during the operation 
of an electric heater, multi-physics field simulations of coupled fluid flow and fluid-solid heat transfer are 
required in using COMSOL Multiphysics modelling. The laminar flow model is used to simulate the air flow in 
the room. The thermal model chooses using solid and fluid heat transfer physical fields. The total volume of 
the room is approximately 26.4 �� . Physics-controlled mesh, shown in Figure 2(c), was generated 
automatically with element size set to coarse. The automatically generated mesh contains 127,313 domain 
elements, 15,887 boundary elements and 1,558 edge elements. Referring to the European National Building 
Code [16], heat transfer coefficients for the exterior wall and the door are selected to be 2.5 �/��� and 3 
�/���, respectively to represent the simulating scenario. The initial temperature is set as 10 ℃.  

The input variable to this room CFD model is the thermal dissipation power of the electric heater. The state 
variable is the temperature distribution in the room space. By setting the thermal dissipation power of the 
electric heater, the temperature distribution in the room space will be updated at each simulation step.  

4.Thermal comfort control strategies 
A quantum series heater is investigated in this paper. This electric heater is an advanced product in the UK 
market. The heater used in this paper is model QM150RF, which has three electric heating modules, each 
operating at 1100 W and one fan, operating at 11W. The heater uses forced convection heat transfer to 
provide heat to the occupant. The electric heater is well insulated, the heat is released from underneath the 
heater, and a fan blows from underneath the heater to bring the heat into the room. In this study, the circuit 
of the electric heater has been modified so that it can now be heated at three levels of power: 1100 W, 2200 
W, and 3300 W. The control strategy in this paper has been developed based on these three levels of power.  

A commonly used temperature control strategy currently is thermostatic control. Based on the temperature 
data input from a fixed sensor to maintain the temperature near that sensor in a fixed interval, usually 21-
25℃ . Control strategies based on feedback from fixed temperature sensors are developed under the 
assumption that the temperature distribution within a room space is uniform. However, there is a large 
variation in the temperature distribution within the room space, which leads to erratic performance of control 
strategies based on fixed temperature sensor feedback. The CFD thermal dynamic model of the room 
developed in the third part of this paper can provide temperature variations at any location during the 
operation of the electric heater. LiveLink for Simulink interface enables the joint simulation of this CFD model 
in COMSOL and SIMULINK software. The development and simulation of the control strategy in this paper is 
based on the combined operation of SIMLINK and COMSOL software. The target-tracking thermal comfort 
control system proposed in this paper is shown in Figure 1. The heat dissipation power of the electric heater 



is the control variable of the strategy and the temperature distribution in the room space is the state variable. 
The target-tracking thermal comfort control framework is present as follows: 

⎩
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where, ���  is the control strategy. �(�)  is the control variable at time � . �(�)  is the temperature at the 
occupant's location at time �; �(�) is the state variable at time �, which is a function of the spatial coordinates. 
���� is the occupant location recognition model which is a time-dependent function. (�, �, �) is the occupant's 
spatial location. ����� is the room CFD thermal dynamic model. ���� is the simulation time step. 

The control strategy is present in Figure 3. The control strategy development draws on the operating model 
of the actual electric heater. The operating states of an electric heater can be divided into two main 
categories, off and on. When the heater is on, it can be divided into three operating models, Mode 1 (power 
= 1100W), Mode 2 (power = 2200W), and Mode 3 (power = 3300W). The control strategy ensures that the 
temperature around the occupant is always between 21 and 25 ℃. Taking into account the time-dependent 
nature of heat diffusion and to avoid frequent start/stop of the electric heater, the control strategy is 
structured in a self-cycling manner for each mode. 

 
Figure. 3.  Thermal comfort control strategy 

In order to set the object of comparison, two fixed sensor-based control systems are designed for this study. 
These are, respectively, a control system based on a temperature sensor fixed to a doorway (TC@d), a 
control system based on a temperature sensor fixed near the heater (TC@h).  

5. Results and discussions 
This paper is based on a multi-software platform to complete the development and simulation of a CFD 
thermal dynamic model of the room and a target-tracking thermal comfort control strategy. The co-simulation 
flow is shown in Figure 4. During the co-simulation process, the synchronization the 3D room model on 
INVENTOR and COMSOL platforms via the LiveLink for Inventor interface. The interaction of the input and 
output data of the room CFD thermal dynamic model on the COMSOL and SIMULINK platforms is 
accomplished via the LiveLink for Simulink interface.  



 
Figure. 4.  Multi-platform co-simulation flow 

This paper completes all simulations using a computer with an AMD Ryzen 5600H 3.30 GHz Processor, 16 
GB of RAM, NVIDIA GeForce GTX 1650 GPU, and a 64-bit Windows operation system. Three temperature 
control strategies are simulated in this study, two based on fixed position sensor data feedback and the 
remaining on dynamic occupant activity trajectory temperature feedback. In the room CFD model, a plane 
one metre above the ground was set up as shown in Figure 5(a). Eight temperature probes were arranged 
on this plane, as shown in Figure 5(b). In this paper, the occupant's activity range in the room is divided into 
eight zones. The central temperature of the occupant's activity area is fed to the control strategy. The 
temperature at the occupant's activity area is always in a suitable range by selecting the appropriate control 
variables. 

  
Figure. 5.  Occupant activity zones: a) the plane, b) temperature probes 

During the simulation, the occupant's activity trajectory needs to be given to verify the strategies' 
performance. After random sorting, one of the occupant's activity traces was obtained as: 6->3->7->8->5->1-
>2->4. It is assumed that the occupant spends a half hour in each zone. This paper adds two-time blocks of 
one hour each to this time location path. During these two-time blocks, the occupant leaves the room. 
Therefore, the final path obtained for the occupant's location over time is shown in Figure 6. This activity 
trajectory takes a total of 6 hours. 

 
Figure. 6.  Map of the location of occupant over time 

A simulation analysis of three control strategies is carried out in this paper. These are, respectively, a 
thermal comfort control strategy for user target-tracking (TC@u), a thermal comfort control strategy based on 
a sensor fixed to a doorway (TC@d), a thermal comfort control strategy based on a sensor fixed near a 
heater (TC@h). Figure 7 shows the simulation results for the TC@u strategy. The position of the occupant 



during each half hour and the temperature at that position before the occupant moves can be clearly 
obtained from the figure. The temperature at the occupant's location prior to movement is around 25 ℃. This 
shows that regardless of the temperature when the occupant enters this location, the TC@u strategy adjusts 
the temperature at the occupant's location to the set range, thus keeping the occupants thermally 
comfortable at all times. 

 
Figure. 7.  The position of the occupant during each half hour and the temperature at that position before the 
position movement under TC@u strategy 

Figure 8 shows the simulation results for the TC@h strategy. Prior to the move, the temperature at the 
occupant's location often exceeded 25 ℃, and even 30 ℃ in some locations. This shows that strategy TC@h 
does not guarantee the thermal comfortability of the occupants. Occupants tend to feel overheated. 

 
Figure. 8.  The position of the occupant during each half hour and the temperature at that position before the 
position movement under TC@h strategy 

The simulation result for the TC@d strategy is shown in Figure 9. Compared to TC@h strategy, the 
occupant's perception of the high temperature is much reduced in TC@d strategy. However, at 60min, 90min, 



240min and 360min, the temperature around the occupant has reached 27 ℃, which has affected the 
occupant's thermal comfortability. Therefore, based on the simulation results in Figures 7, 8 and 9, TC@u 
strategy performs best in terms of occupant thermal comfortability.  

 
Figure. 9. The position of the occupant during each half hour and the temperature at that position before the 
position movement under TC@d strategy 

Figure 10 shows the temperature variation for the three control strategies at the occupant's actual time 
location. Strategies TC@h and TC@d cause the occupant to be in the hot zone periodically, and the 
occupant tends to feel overheated. Strategy TC@u performs reasonably well, with the temperature at the 
occupant's activity trajectory remaining between 21-25 ℃ for most of the time. However, Strategy TC@u will 
occasionally experience high-temperature overshoot, as heat is a process quantity that will expand into the 
surrounding space over time. In subsequent studies, the control strategy needs to be tailored to address this 
high-temperature overshoot phenomenon.  

 
Figure. 10.  Temperature at occupant activity trajectories with different temperature control strategies 

In addition to comfortability, another indicator that occupants care about is the operating economy. The 
thermal energy consumption under the three temperature control strategies is shown in Figure 11. After six 
hours of operation, the energy consumptions under strategies TC@h, TC@d, and TC@u are 2.9887kWh, 
2.5300kWh, and 2.2917kWh, respectively. Compared to strategies TC@h and TC@d, the economy of 
strategy TC@u is improved by 23.32% and 9.42%, respectively. Therefore, TC@u strategy ensures 



occupants’ thermal comfortability while reducing energy consumption. It is a promising strategy for energy-
efficient temperature control. 

 
Figure. 11.  Thermal energy consumption under different temperature control strategies 

6. Conclusion 
This paper built a room CFD thermal dynamic model based on the actual kitchen and an electric heater and 
then proposed a target-tracking thermal comfort control system based on this model. The strategy is 
developed and simulated through joint simulations on the COMSOL and SIMULINK platforms. The 
simulation results show that the strategy meets the thermal comfortability of the occupants while considering 
the economy.  

Firstly, a 3D room model based on the INVENTOR platform was built based on the laboratory kitchen. The 
synchronization of this 3D room model on the INVENTOR and COMSOL platforms was implemented based 
on LiveLink for the Inventor interface. 

Secondly, a room CFD model was created based on the COMSOL platform. The heat dissipation power of 
the electric heater is the input variable and the temperature distribution in the room space is the state 
variable. By setting the heat dissipation power of the heater to the model, the temperature distribution in the 
room space will be updated at each simulation time step. 

Finally, a target-tracking thermal comfort control system is proposed and simulated by joint simulations with 
COMSOL and SIMULINK. The control system aims to achieve energy efficiency while maintaining thermal 
comfort. It mainly includes three parts: room CFD thermal dynamic model, occupant location recognition and 
control strategy. The simulation results show that this strategy both meets user comfort and operational 
economy compared with conventional control strategies. 
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Nomenclature 
Symbols 

T(℃) temperature. 

S(℃) state variable, which is the temperature distribution in the room space. 

C(W) control variable, which is the thermal dissipation power of the electric heater. 

f���� room thermal dynamic model. 

���         control strategy. 

���� occupant location recognition model. 
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step simulation time step. 

(x, y, z) occupant’s spatial location. 

Abbreviation 

TC@u thermal comfort control strategy for user target-tracking. 

TC@d thermal comfort control strategy based on a sensor fixed to a doorway. 

TC@h thermal comfort control strategy based on a sensor fixed near a heater. 
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Abstract: 

Techno economic worldview of electricity demand considers and studies appliance ownership and usage as 
the primary determinants of electricity demand. In emerging economies like India, electricity demand from the 
residential sector is influenced by a host of other parameters like ability to pay, availability of quality electricity, 
climate, cultural practices, and specificities of building envelope. The study tries to understand the socio-
economic determinants of residential electricity consumption in India considering the state of Uttar Pradesh as 
a case study. Panel dataset for a five-year period covering 25,690 households have been used for the study. 
The results indicate that seasonality, availability of reliable electricity, caste, rural or urban nature of the region 
and gender of the household head were important determinants of electricity demand.  A fixed effects model 
was used for the estimation and was able to explain 80% of the variation in the dataset. The results are 
significant in two ways. First, they indicate that electricity consumption has to be studied considering its socio-
economic context and not from a techno economic standpoint. Secondly, the results indicate that there would 
be considerable merit in including socio economic variables in the modelling and forecasting of electricity 
demand, as opposed to the present methods that extensively rely on time series modelling of actual demand.  

Keywords: 

Residential electricity; Electricity modelling; Econometric modelling; Fixed effects; Energy policy 

 

1. Introduction 

 

Electricity is a critical enabler of quality living conditions. Rapid electrification across developing countries 
across the last four decades has seen the share of residential electricity consumption in developing countries 
increase to about 30% of the total electricity consumption [1]. Residential Electricity Consumption (REC) is an 
aggregated output of individual choices by a large number of actors. It is affected by demand side factors like 
changes in population, household size, demography, disposable incomes, consumer preferences, energy 
efficiency measures, technological progress, consumer time use patterns, emergence of new end uses etc. 
Supply side factors like quality, reliability and affordability of supply could also influence the net electricity 
consumption of a household. Technological progress and diffusion of new technologies are also an important 
factor that contributes to the dynamic nature of electricity demand. While lighting with incandescent lamps 
have been replaced almost entirely with more efficient Light Emitting Diode (LED) lamps, new uses like 
induction cooking and electric vehicle charging are coming up. As consumers become prosumers, reduced 
dependence on grid-based electricity could lead to new consumption behaviors. The rapid growth, diversity 
and dynamism necessitate appropriate methods to study the same. 

 

As of 2021, residential electricity consumption accounts for about a quarter of India’s total electricity 
consumption. The sector has registered significant growth since the 1980s when electricity access to 
households became a policy concern. The average residential electricity consumption has increased from 18 
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units (kWh) in 1950 to 1028 units (kWh) in 2020 [2].  It has also been one of the fastest growing sector in the 
last two decades as shown in Figure 1.2 [3].  The increase in residential electricity consumption in the last five 
years are most notable. The rise has been attributed to specific factors like increase in the number of 
households with electricity access, increase in household incomes and increased appliance penetration 
among others   [4]. In 2001, only 55 % percent of the households in India were electrified. By 2021, 99.93% of 
the households were been electrified [5]. While the increase in consumption has not been uniform across 
geographies and consumer segments, residential electricity consumption is evolving as a significant dynamic 
component of the electricity mix. Estimates by International Energy Agency (IEA) indicate that increased 
appliance ownership and demand for space cooling could increase the residential electricity demand threefold 
by 2040, from 2021 levels [1].    

 

The fast growing residential electricity sector is also diverse and dynamic. Residential electricity consumption 
varies widely across states, regions within states and across socio economic groups. In 2018, an average 
household in Delhi consumed around 270 units (kWh) of electricity per month while the value was much lower 
for cities like Mumbai (110 units) and Ahmadabad (160 units) [6]. A similar diversity can be observed among 
states as shown in Figure 1.3. Annual per capita electricity consumption varies from about 700 units in Delhi 
to less than 100 units in Assam [2]. Such differences across geographies could be due to climatic factors, 
demographic determinants, socio economic conditions, specific policies etc. [7]. Top-down estimation of 
electricity demand considering macro trends tend to overlook such differences. 

 

Thus, in a comparative sense, the other sectors of electricity consumption viz. a viz. commercial, industrial, 
agricultural and traction are better understood due to higher levels of concentration, regulation and 
documentation. These sectors might have dedicated expertise in managing consumption, the direction of 
residential electricity is influenced by a very large number of individual strategies (or lack thereof) of consumers 
who try to maximize diverse personal gains. Policies and plans to manage the residential sector need robust 
inputs on the future direction the sector. It is also necessary to understand the pathways of increased electricity 
consumption; to know the sections of the society and economy that have been benefited by the same and 
those that have been left out. Modelling can be defined as the method of quantifying output parameter as a 
function of a given set of input parameters [8]. Models of residential electricity consumption are used to 
determine future supply requirements, effect of a policy, technology or appliance use on overall consumption, 
evaluate the effects of competing policy scenarios etc.  Accurate information about the characteristics of 
residential electricity use is necessary to plan supply, expansion and efficient use of electricity. Modelling of 
residential electricity demand is also significant for demand management policies.  

1.1 Motivation 

The dominating approach to modelling REC has been through the lens of economic elasticities and appliance 
ownership. Price and income elasticities of populations and regions have been the dominating nature of 
discourse undertaken to understand REC. In other cases, REC has been viewed as a techno economic 
question and modelling efforts have focused exclusively on appliance ownership. Both approaches view 
electricity consumption in isolation, while this study argues that there would be merit in considering the other 
drivers of REC. Electricity consumption, though realized through the end uses of electricity by appliances, is 
also affected by other social, economic, climate related and building envelope related factors. They could even 
be over riding and explain the nature of REC. Income, Gross Domestic Product (GDP), appliance ownership 
and past patterns of consumption are the most commonly studied determinant factors  of REC [9]–[12]. This 
study is motivated by the question “What other social, economic and other factors could possibly affect 
residential electricity consumption?” 

 

Past studies have discussed this question in detail, even with contradicting conclusions. Studies like Pachauri 
(2004), Tuwaitha (2014) and Perera et al. 2021 present consensus that income is perhaps the most important 
determinant of household electricity consumption. But analysis by CEA (2019) points out that the elasticity 
might be decreasing [13]. Thus, answering the question “how much does a household consume and why” 
requires broad based understanding and careful analysis. There has been many studies about the 
determinants of residential electricity demand in developing countries. [12] presents a review of forty-two 
studies and discussed the socio economic, dwelling and appliance ownership related factors affecting 
residential electricity demand in North America and Europe. The study identified a total of sixty-two factors that 
could potentially affect electricity consumption in households.  

 

1.2 Objective 
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From the discussion, it is clear that socio economic factors are an important attribute affecting the residential 
electricity consumption. This paper attempts to understand the nature of this structural determinants of 
electricity consumption. The objective of the study is to understand the significance of the socio economic, 
demographic, building environment related, appliance ownership related and climate related determinants of 
residential electricity consumption, considering the case of India. The question has been approached by 
constructing a fixed effects model of REC using household level survey data from the state of Uttar Pradesh 
in India.  

 

2. Literature Review 
The review of literature focussed on identifying the studies that have modelled the residential electricity 
consumption (REC) in India. Studies were identified using a systematic search on three databases viz. a viz. 
Google Scholar and Web of Science. The most significant studies that are closely aligned with the scope of 
the present study are discussed in this section. 

 

A study conducted by Laurence Berkely National Laboratory (LBNL) at Berkley University tries to model India’s 
future using a bottom-up modelling approach. The study focuses on modelling the potential for emission 
reductions in various sectors of the Indian economy including the residential sector. The study considers rural 
and urban areas separately. Within each, end uses like cooking, water heating, air conditioning, lighting and 
residual were considered. Further, use of different appliances for the same end use was also captured. While 
the methodology presents better granularity, it considers the energy use and not specifically electricity use 
[14].  

A large number of forecasting studies are aimed at projecting a future level of consumption. Attention has not 
been provided to choose of factors that are to be considered in the modelling process (the independent 
variables) and their weightages. The study aims to fill this gap by understanding the relative importance of 
factors that determine the household electricity use. A recent study by Basumatary (2021). tried to determine 
the determinants of household electricity consumption with specific focus on the effects of financial incentives 
from the government on consumption [15]. The study considers 322 samples from four districts of Assam and 
concluded that socio economic variables of a household does not necessarily affect electricity consumption. 
The study suffers from the limitation of limited sample size restricted to a small geography and is focused 
specifically in the effect of government incentives, but uses novel variables like wattage of connected 
appliances, number of living rooms, material for construction etc. making the model more realistic [15].   

A recent paper by Cazenave and Pachauri (2021) follows a simulation based approach to model household 
electricity demand using income, stock of appliances and future purchases of appliances. Micro data and 
representative national survey data is used to model the household electricity demand for four countries of the 
global south: Ghana, Guatemala, India and South Africa. The study finds that appliance penetration 
possibilities vary for all the countries spending on country, appliance type, climate and income but with high 
and stable demand of electricity for entertainment in all the four countries considered [9]. Tewathia (2014) tries 
to determine the factors that affect electricity consumption of households in Delhi using variables like location, 
household income, stock of appliances, family size, household size, household awareness and time spent 
outside. Seasonal variations are accounted for by creating three distinct dependent variables for each season. 
The study found out household income, temperature and appliance ownership to be significant factors 
influencing the electricity consumption [16].   

Cialani and Mortazavi (2018) tries to estimate price and income elasticities and the effect of GDP and climate 
on household electricity consumption in Europe using data from the period 1995 – 2015 [17]. Dynamic partial 
adjustment models, Generalized Method of Moments and Maximum Likelihood approaches are used for the 
analysis. The study concludes that price elasticities in the short run are small while income elasticities are 
relatively large [17]. [18] estimates the determinants of electricity consumption in Jordan using data from 1986 
to 2015. The study uses six variables viz a viz GDP, electricity prices, population, urbanization, structure of 
the economy and aggregate water consumption [18]. A study by Singh et al., (2018) uses survey data from 
1140 households to characterize the effect of climate and ownership of appliances on household electricity 
demand. It considers factors like electricity price, dwelling area, number of inhabitants and ownership of ACs, 
refrigerators and geysers but does not include socio economic variables like income [19]. 

Pachauri and Muller (2008) try to understand the relative importance of changes in household size, population, 
increase in connectivity and consumption per connection in rural and urban regions of India from 1980-2005. 
The study presents a macro level analysis with the lowest geographic scale being the state [20]. Narayan et 
al., 2007 uses annual time series data of G7 countries from 1978 to 2003 to estimate long run and short run 
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price and income elasticities of household electricity demand. The study specifically focuses on these two 
aspects to understand if the elasticities present an opportunity to introduce emission linked taxation [21]. Filipini 
and Pachauri (2004) uses three seasonal linear econometric models to understand the effect of variables like 
electricity price in rupees, kerosene price in rupees, LPG price, household income, area of the dwelling, size 
of the household and average age of the household. This was a pioneering study that moved away from using 
national level macro indicators and used unit level from 35,000 households from round 50 for the year 1993-
94 from the National Sample Survey conducted by Government of India. The results indicated that electricity 
demand with respect to income was fairly inelastic in all the three seasons but household size and average 
age of inhabitants influence electricity consumption significantly [22].  

Pachauri (2004) estimated the energy requirements of a household considering a large set of explanatory 
variables and using a double log functional model. It considered region of the country, nature of dwelling, rural 
/ urban, food habits of the inhabitants, literacy levels, monthly expenditure, area of the dwelling, household 
size, age of the household head and nature of employment to determine energy needs. Though the study 
estimated energy needs including food and travel, it used household level data making it a bottom up study 
[23].   NSSO household level panel data was used to conclude that total income or expenditure level of an 
individual household was the most significant determinant of energy demand. The study also comments on 
the effect of dwelling size and the age of household [23]. Reddy(2004) tries to understand the economic and 
social dimensions of electricity use. [24] uses survey data from 1983-2000 to understand the differences in 
electricity use based on employment, income and locality for rural and urban households. The paper presents 
only a descriptive analysis to bring out the disparity in electricity consumption between categories of 
employment [24].  

 

From the analysis of literature, it becomes clear that there can be more contributions to the area of modelling 
residential electricity consumption in India with respect to the approach and data used. Studies that try to 
determine the determinants of residential electricity consumption are seen to have limited use of determinant 
variables. Most studies focus on income and price elasticities of electricity demand. Other explanatory 
variables used include climatic conditions, rural or urban nature etc. There are no studies where all or a large 
number of these variables have been comprehensively covered.  

 

3. Data and Methods 
 

3.1. Dataset and variables 

The present study used panel data from the Consumer Pyramids Household Survey (CPHS) conducted by the 
Centre for Monitoring Indian Economy (CMIE) [25], [26]. The survey data for the state of Uttar Pradesh with 
25,690 sample households included has been used. Longitudinal data from 2014 to 2021 has been used for 
the analysis. The dataset contains socio economic, demographic, electrical appliance ownership and asset 
ownership information about the households, available for each month. The data was modified to two variables 
viz. a viz. season and cooling degree days (CDD). The season variables denote the prevailing season and 
calculated CDD of the area corresponding to the month of the data collection. The urban and rural datasets 
have been separated for analysis. The monthly expenditure of the household on electricity has been 
considered as the dependant variable as it is a reasonable proxy for electricity consumption. The data on 
monthly electricity consumption was not available. The dependant variables fall into five categories; socio 
economic attributes of the household, household demography, electrical appliance ownership, building 
envelope and climate.  

 

3.2. Method 

The study used fixed effects model to estimate the determinants of residential electricity consumption. 
Literature reviews revealed an almost standardised use of the log-log functional form of model specification, 
especially in cases where expenditure variables were involved [16], [20], [27]. A general empirical specification 
of residential electricity consumption can be written as shown in Equation (1) 

 

E = F (SE, DF, EL, CL, BE)        (1) 

 

Where E is the monthly residential electricity consumption, SE denotes the set of socio-economic variables, 
DF denotes the demographic variables, EL denotes the electricity consumption and appliance ownership 
related factors, CL denotes the climatic factors and BE refers to the set of building envelope related factors. 



Proceedings of ECOS 2023 - The 36th International Conference On 
Efficiency, Cost, Optimization, Simulation and Environmental Impact of Energy Systems 

25-30 June, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 
 

The functional form chosen for the study follows a log linear form as suggested by many past studies [9], [16], 
[19], [20]. The respective variables are explained in Table 1. The function for electricity consumption of 
households can be represented as shown in Equation (2)  

 

Log (EM) = β0 + β1log (ME) + β2 CC + β3 LT + β4 RU + β5 AH + β6 SH +    β7 PH + β8 TV + β9 RF + β10 CO + 

β11 AC + β12 SN+  β0CD + β14 TW+ β15 TR     (2) 

Where ME is the monthly expenditure of the household across all categories, CC refers to the caste category 
of the household, LT refers to the status of literacy of the household head, RU refers to the rural or urban 
location of the household, AH refers to the age of the household head in years, SH refers to the size of the 
household (number of people regularly resident in the house), PH refers to the hours of power availability, TV 
refers to the number of television sets owned by the household, RF refers to the number of refrigerators owned 
by the household, CO refers to the number of air coolers, AC refers to the number of air conditioners, SN refers 
to the season corresponding to the particular data point, CDD refers to the cooling degree days (used as a 
measure of air conditioning demand) and TW and TR refers to the type of roof material and type of wall material 
of the household respectively.  

 

Table 1: Description of explanatory variables 

Dimension Variable Description 

Socio Economic (SE) Log (Me) Log (Monthly expenditure of the household) 

CC Caste Category 

LT Literacy (Yes / No) 

RU Region type (Urban / Rural) 

Demographic Variables (DF) AH Age of household head 

SH Size of the household  

Electricity Consumption and 
Appliance Ownership (EL) 

PH Power availability (Hrs / day) 

TV No. of Televisions 

RF Number of refrigerators 

CO Number of air coolers 

AC Number of air conditioners 

Climatic Factors (CL)  SN Season 

CDD Cooling Degree Days (CDD) 

Building Envelope (BE)  TW Type of roof 

TR Type of wall 

 

 

A fixed effects panel data model was used to estimate the coefficients. The fixed effects model takes into 
account the fact that individual units are repeatedly surveyed at a fixed frequency over a period of time and 
hence retail some intrinsic characteristics.  

 

4. Results and Discussion 
To determine the determinants of REC, a fixed effects panel data regression model was employed. The 
determinants of rural and urban areas were also analysed separately using the same method. The descriptive 
statistics of the determinant variables used for the study are provided in Table 2. The correlation between the 
determinant variables was ensured to be less than 0.7 to avoid auto correlation. The results of the fixed effect 
regression model are described in Table 3. The results indicate that the non appliance ownership parameters 
have a significant influence on REC. The results establish socio economic, climatic, building envelope related 
and demographic determinants of residential electricity consumption. We find that the socio-economic 
variables explain about 70% of the variation in REC. The results are significant as they expand the horizon of 
research on determinants of REC beyond the conventional factors like elasticity and appliance ownership.  
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4.1 Socio Economic Factors 

The monthly expenditure of the household has a significant influence on the consumption of electricity. The 
elasticity is positive at 0.505 indicating that one unit increase in the expenditure level of the household would 
lead to about 0.50 units increase in their expenditure on electricity. Different studies like Pachauri (2004), Singh 
et al. (2018) and Tiwari (2008) have shown positive impact of expenditure on electricity consumption but with 
lower elasticities [19], [22], [28]. A number of studies have used income as an explanatory factor and calculated 
the income elasticity of REC. For the present study, the use of income data was limited by the quality of income 
data. Expenditure of the household is indicative of the income level of the household as well as its purchase 
choices. Thus, it is an important determinant of REC. 

Caste has been identified as a social grouping that affects the access to quality services in India. The results 
indicate that the caste category of the household is a significant determinant of its access or use of electricity. 
The variable caste category used in the study classifies the households to five categories viz. a viz. Upper 
caste, Other Backward Castes, Scheduled Castes and Scheduled Tribes in addition to a fifth category of 
households that did not specify the caste or category to which they belong. The Upper Castes refer to a social 
group which have historically been owners of land and were endowed with political capital. The Other 
Backward Classes (OBCs) is a group of different castes and some minority religions which have historically 
been considered the middle classes. The scheduled castes, about 16% of the national population is a term 
used to collectively denotes groups belonging to the lowest rung of the caste hierarchy. The scheduled tribes 
constitute the tribal or indigenous communities. Caste represents historical and current disadvantages and 
can be considered a metric of inequality. While the upper castes include the traditional land owning and 
prosperous groups, the prosperity can be considered to decrease across the board from Upper Castes to 
Scheduled Tribes. Past studies like Bhattacharya & Saxena (2017) had studied the effect of caste, tribe and 
religion on energy access and found that such social structures remain significant despite years of affirmative 
action and the households belonging to scheduled tribe and scheduled caste communities had significantly 
poorer access to electricity and LPG for cooking. The results are in line with the findings as scheduled tribe 
households can be seen to have lower electricity consumption even after controlling for other exogenous 
factors. Households with a literate head of the household has been shown to have higher electricity 
consumption than others by many past studies. The results of the present study support this claim.  

 

Table 2: Summary statistics of variables 

Variable  N   Min   1st 
Quintile  

Media
n  

 Mean   3rd 
Quintile  

 Max  

 Monthly Expense 
on Electricity  

       
13,85,278  

             
95  

               
300  

          
400  

          
451  

                  
560  

               
1,392  

 Total Monthly 
Expenditure  

       
13,85,278  

376              
7,115  

       
8,865  

       
9,421  

            
11,065  

       
10,15,514  

 Age of household 
head  

       
13,85,278  

               
7  

                 
41  

             
48  

             
49  

                    
57  

                  
108  

 Power Availability 
(Hrs/Day)  

       
13,85,278  

               
1  

                 
16  

             
19  

             
19  

                    
22  

                    
24  

 No. of Televisions         
13,85,278  

0                       
1  

               
1  

               
1  

                      
1  

                      
3  

 Number of 
refrigerators  

       
13,85,278  

0                      
-    

               
1  

               
1  

                      
1  

                      
3  

 Number of air 
coolers  

       
13,85,278  

0                     
-    

               
1  

               
1  

                      
1  

                      
5  

 Number of air 
conditioners  

       
13,85,278  

 0                     
-    

              
-    

               
0  

                     
-    

                      
3  

 

4.2 Demographic Factors 

The age of the household head can be seen to have a positive and significant but very small effect on 
residential electricity consumption. Similarly, size of the household has also been determined to be a significant 
variable. Smaller households can be seen to have positive impact on REC while households with higher 
number of members are seen to have a negative coefficient, which is counter intuitive and against the results 
of some past studies. The negative effect of higher household sizes on electricity consumption could be due 
to the socio-economic nature of the study area. In rural and urban areas, joint families with higher number of 
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household members could belong to the economically weaker sections and reside in small households or in 
slums. This could be a possible reason for the negative coefficients.  

 

The results from the present study indicate that households in the urban areas have a higher electricity 
consumption than rural areas. Singh et al. (2018) has used household level survey data from about thousand 
households in different climatic zones of India to understand the different factors influencing residential 
electricity consumption. The study found a negative price elasticity of demand and weak influence of 
demographic factors. The study also showed that urban households belonged to a class of its own and had 
higher electricity consumption than rural households. Similar results were obtained by Basumatary (2021) and 
Pachauri (2021) [9], [15]. Thus, it can be concluded that households in the urban region have higher REC. The 
difference could be due to longer hours of electricity usage, larger number and diversity of appliances, better 
power quality, higher incomes or structural differences in lifestyle choices.  

 

 

Table 3: Results of fixed effect regression 

 
Dependent variable:  
Log (Expense on electricity) 

TOTAL_EXPENDITURE 0.505*** 

(0.007) 

CASTE_CATEGORY - Not Stated -0.041  
(0.098) 

CASTE_CATEGORY - OBC 0.065***  
(0.015) 

CASTE_CATEGORY - SC 0.065***  
(0.015) 

CASTE_CATEGORY - ST 0.300***  
(0.067) 

CASTE_CATEGORY - Upper Caste 0.071***  
(0.014) 

LITERACY - Y 0.125***  
(0.007) 

AGE_YRS 0.002***  
(0.0002) 

Sizeofhh < = 2 members 0.021  
(0.021) 

Sizeofhh > = 7 members -0.049***  
(0.012) 

Sizeofhh 3-6 members -0.041***  
(0.008) 

REGION_TYPE URBAN 0.236***  
(0.007) 

POWER_AVAILABILITY_IN_HOURS_PER_DAY 0.020***  
(0.001) 

TELEVISIONS_OWNED -0.066***  
(0.010) 

REFRIGERATORS_OWNED 0.061***  
(0.006) 

COOLERS_OWNED 0.027***  
(0.005) 

AIR_CONDITIONERS_OWNED 0.031***  
(0.009) 

Walls Mud / Thatch -0.080***  
(0.021) 

Walls Other 0.273  
(0.814) 

Walls Sheet -0.260***  
(0.053) 

Walls Stone -0.226  
(0.196) 

Walls Wood -0.404***  
(0.109) 

Roof Sheets -0.094***  
(0.023) 

Roof Thatch -0.060*** 
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(0.020) 

Roof  Tiles / Stone -0.013  
(0.010) 

cdd -0.0002***  
(0.0001) 

Season Summer 0.018***  
(0.005) 

Season Winter -0.105***  
(0.017) 

Constant -71.549***  
(1.558) 

Observations 25,610 

R2 0.680 

Adjusted R2 0.679 

F Statistic 565.682*** (df = 96; 25513) 

Note: *p**p***p<0.01 

 

4.3 Electricity Consumption and Appliance Ownership (EL) Related Factors 

 

Power availability is an important supply side constraint that has been found to have significant effects on 
REC. As indicated in Table, the average power availability in the study area was only 19 hours. This could be 
due to scheduled load shedding or unscheduled power outages. Power outages limit the ability of the 
consumer to use the appliances and hence reduce the REC. It has also been found to reduce the propensity 
of consumers to but appliances as indicated by Agarwal et. al [29]. Households might also engage in “electricity 
/ energy stacking” whereby they use secondary sources of electricity to achieve higher level of services that 
are not provided by the primary service. For instance, households may employ a Solar Home System (SHS) 
or avail electricity from a mini grid to use electricity for the time when the central grid is unavailable or unreliable. 
In the case of India, change of policy direction along with increased expansion of electricity infrastructure has 
resulted in significant improvement in power availability. The results indicate that as the supply side constraint 
of power availability eases, it would act as a catalyst for increased electricity usage.  

 

Appliance ownership has been identified by many past studies as the most significant factor in the bottom up 
modelling of REC [8], [12], [18], [20]. The results from the present study indicate that refrigerators have the 
highest positive influence on REC with a coefficient of 0.06. This could be attributed to the fact that refrigerators 
are a high wattage equipment that is used throughout the day as opposed to other appliances like air 
conditioners or televisions that are used for specific number of hours. Studies like Huang (2020) and Chunekar 
(2018) have noted that electricity use by refrigerators often go unnoticed and could contribute most significantly 
to energy savings through efficiency improvement [7], [30]. Among other appliances, air conditioners and air 
coolers have been found to have significant positive influence on REC. However, the results from the fixed 
effects model indicate that the number of televisions owned by a household can have a significant but negative 
effect on REC, which is counter intuitive and against the findings of previous studies like Agarwal (2019) [29]a. 
This needs further enquiry.  

 

4.4 Climatic Factors 

The Cooling Degree Days (CDD) is a measure of how hot the temperature of a particular region has been 
compared to a reasonable standard comfortable temperature. They essentially capture the need for air 
conditioning and hence, is an important determinant factor for estimating REC. The present study shows that 
the CDD has a significant but negative influence on REC with a very low coefficient. This could be due to two 
reasons. One, the study area has very low penetration of high wattage air conditioning equipment like air 
conditioners. Thus, cooling demand might not be converted to the end use of air conditioning, utilising 
electricity. Secondly, the critical threshold value of comfortable temperature to be used for the calculation of 
CDD for the region had been chosen as 220C in line with a previous study [31]. This could be an under 
estimation for a region with an average temperature of 35.61 0C in 2021 [32].   

 

Similar, seasonality has been found to be an important determinant of REC. The study area has a hot humid 
summer and harsh winters. The results indicate that the summer months have higher consumption of electricity 
while compared to the rainy monsoon months (used as reference). This could be attributed to the increased 
use of fans or other room conditioning appliances. The winter months are associated with a significant but 
highly negative coefficient indicating reduced electricity consumption demand. The increased REC during 
summer months has been reported by previous studies like Singh et. al. (2018) and Tewathia (2014).   
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4.5 Building Envelope 

Analysing the results about building environment, we find that concrete walls (which has been used as the 
reference category) can be seen to have the highest significant and positive effect on REC. Walls made of 
wood, stone and sheet have significant but negative influence on electricity consumption with coefficients of (-
0.404, -0.226 and -0.260). Houses with walls made of mud or thatch are also found to have lower electricity 
consumption. A similar trend can be seen in the case of roofing material. Concrete roofs have been found to 
have the highest positive influence on REC while roofs made of thatch and sheets have significant negative 
influence on REC.    

4.6 Limitations and scope for future research 

While the present study is novel in the use of large scale, current and representative data, there could be 
several significant improvements. The anomalies found in the present results like the negative effect of 
television ownership opens up more room for research. The study has conclusively shown the relevance and 
significance of non technological factors in influencing REC. While the effects of factors like caste have been 
quantitively been estimated, there is considerable scope in understanding the exact pathways through which 
socio economic and demographic variables affect REC. For instance, questions like “why does households 
belonging to the scheduled tribes have a lower electricity consumption than other households?” could be 
explored. Further research would reveal if it is a problem of affordability, lack of access to appliances, poor 
quality of power supply or other institutional factors. Similarly, the age composition of the households have 
been found to have significant effects on REC. Huang (2021), Chen (2017), Huang (2020) and Jones et. al. 
(2015) has reported decreased REC in households with presence of elders. Further research could probe the 
actual pathways through which these effects happen.  

 

4. Conclusion 
  

The present study has tried to understand the non technological factors that act as determinants of residential 
electricity demand. While the overarching focus in researched literature was on modelling price elasticity, 
income elasticity and time variability of demand, the present study tries to account for socio economic, 
demographic, climatic and building envelope related factors in addition to electricity availability and appliance 
ownership. The study used panel data from household surveys in the state of Uttar Pradesh, India. The results 
indicate that many of these factors are significant. Monthly expenditure level of the household and caste 
category affect REC. Literacy and age of the household head have also been found to have significant effects 
on REC. Summer season is associated with higher REC while the effect of Cooling Degree Days (CDD) on 
REC requires further study. Households which use concrete for roofs and walls have been found to have higher 
levels of REC compared to those that use tiles, sheets and thatch. The present study validates the need to 
look beyond the narrow frame of appliance ownership to understand the driving factors behind REC. 
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Abstract: 

In this work, a proof of concept design for a poultry meat farm is studied. The design aims to be climate-neutral 
and energy-flexible by applying different technologies such as PV panels, PVT panels, BEO field, and high 
and low-temperature heat pumps. In order to size these systems, the farm's required heating, cooling power 
and (de)humidification rate has to be estimated, which is the focus of the current paper. For this purpose, a 
model was created in the Python environment. Based on the building's current design, expected weather 
conditions throughout a model year, and the required conditions for the chickens' well-being, the heating and 
cooling loads are calculated. The analysis does not yet take into account which technology is used to supply 
the heat as the sizing will be done based on the results of this analysis. In addition to the ‘standard’ climate 
requirements, some pens will be used to study the behaviour of the chickens during alterations in the 
temperature and humidity of the pen. These tests are predefined and the HVAC installation should be able to 
handle these test conditions as well. The results of the model can be used as a guideline to size the different 
HVAC systems. However, as the model is based on assumptions and simplifications, a sensitivity analysis 
was performed as well. This analysis shows that the conductive losses are small compared to ventilation and 
infiltration losses. The air changes per hour of the farm have a great impact on the total required heating and 
cooling power. Therefore, attention should be given to the air-tightness of the chicken pens to reduce the 
required installation size. 

Keywords: 

Energy-use; Poultry farm; Energy neutral; model. 

1. Introduction 
The sustainable development goals, adopted by the United Nations, are a set of 17 interconnected goals aimed 
at addressing global challenges such as poverty, hunger, inequality, and climate change. The second goal, 
"Zero Hunger," recognizes the need for sustainable agriculture to provide adequate food for a growing 
population while reducing the negative environmental impact of current agricultural practices. 

Sustainable agriculture aims to achieve food security and enhance livelihoods while conserving natural 
resources and minimizing negative effects on the environment. To achieve this, it is essential to adopt low-
carbon technologies in agriculture to reduce greenhouse gas emissions, improve resource-use efficiency, and 
promote biodiversity. Poultry farming, which is a vital component of the agricultural sector, has a significant 
role to play in achieving sustainable food production. 

The ever-increasing demand for poultry products [1] due to the relatively low climate impact compared to other 
meat variants has put pressure on farmers to increase production. However, this increase in production must 
be achieved using renewable methods that minimize environmental impact. In this context, several studies [2-
6] have been conducted to explore low-carbon technologies that can be implemented in the poultry farming 
industry to reduce greenhouse gas emissions and promote sustainable practices. However, not all 
technologies can be applied in all regions or for all power requirements.  

Therefore, this study seeks to contribute to the development of sustainable poultry farming by focusing on a 
methodology to predict the required heating and cooling demand of a new poultry farm design. This 
methodology is essential to ensure that the heating and cooling systems used on the farm are appropriately 
sized, leading to energy efficiency and a reduction in greenhouse gas emissions. The findings of this study 
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can help farmers and policymakers make informed decisions about the design and implementation of 
sustainable heating and cooling systems in poultry farming which are currently not often used within this sector, 
ultimately contributing to achieving the second sustainable development goal of the United Nations. 

Information on the dimensions and requirements for the poultry farm were provided by ILVO, a Flemish 
research centre [7]. This farm will be used to conduct detailed research with respect to a plethora of factors, 
ranging from feed composition, feed management, and animal well-being to emissions, impact of climate 
control, and energy flexibility of the stable depending on electrical grid conditions. 

 

2. Modelling methodology 

2.1. Standard boundary conditions 

A new poultry farm has been designed to house up to 14,000 chickens. The goal is to construct this new farm 
in an energy-flexible and climate-neutral manner as a proof-of-concept. To achieve this, the required heating, 
cooling, humidification, dehumidification, and ventilation rate has to be estimated based on the required 
optimum conditions for the chickens and the outside weather conditions. The design temperatures and 
humidities are presented in Table 1 based on the age of the chickens within the pen expressed in days. On 
the days not mentioned in Table 1, the values are obtained by interpolating between the two adjacent values. 

Table 1.  Climate set point and minimum ventilation rate within the stable depending on the age of the chickens. 

Chicken age 
(days) 

Average weight 
(g) 

Temperature 
(°C) 

Relative humidity 
(%) 

Minimum ventilation rate 
(m³/kg/h) 

0 45 34 55 1.5 
3 90 34 55 1.4 
7 180 31 60 1.3 
14 470 27 70 1.1 
21 920 25 70 0.9 
28 1480 22 70 0.8 
35 2110 22 75 0.7 
42 2770 21 75 0.7 

 

Another important input characteristic to the developed model (see section 2.4) is the heat and humidity 
produced by the chickens themselves. The following equations, in function of the average chicken weight, are 
used for this: 

𝑄𝑐ℎ𝑖𝑐𝑘𝑒𝑛 = 10.62 ⋅ 𝑚𝑐ℎ𝑖𝑐𝑘𝑒𝑛
0.75 , (1) 

𝑚𝑣𝑎𝑝𝑜𝑢𝑟,𝑐ℎ𝑖𝑐𝑘𝑒𝑛 = −17.7 ⋅ 𝑚𝑐ℎ𝑖𝑐𝑘𝑒𝑛
2 + 200 ⋅ 𝑚𝑐ℎ𝑖𝑐𝑘𝑒𝑛 + 22, (2) 

where 𝑄𝑐ℎ𝑖𝑐𝑘𝑒𝑛 is the heat produced per chicken in watt, 𝑚𝑐ℎ𝑖𝑐𝑘𝑒𝑛 is the average mass of a chicken (at a certain 

age) in kilogram and 𝑚𝑣𝑎𝑝𝑜𝑢𝑟,𝑐ℎ𝑖𝑐𝑘𝑒𝑛 is the amount of grams of water vapour produced by a chicken in a day.  

The ventilation rate which can or should be applied in the farm has prescribed minimum and maximum values. 
The minimum ventilation rate depends on the chickens’ weight and is also represented in Table 1. The 
maximum ventilation rate is 4 m³/kg chicken/h. This norm is quite high compared to other animals due to the 
high heat production of poultry. A second limitation to take into account is that the ventilation rate should always 
be sufficient to keep the carbon dioxide concentration beneath 3000 ppm. As the prescribed minimum 
ventilation rate already is always higher than the ventilation rate posed by this limitation, the carbon dioxide 
concentration is not taken further into account. The actual applied ventilation depends on the applied climate 
control. The climate control considered in this work is based on temperature solely and is illustrated in the next 
graph. It should be noted that this strategy holds when the outside temperature is lower than the temperature 
inside the pens. The target temperature (TT) inside the pen is allowed to vary between a certain range (defined 
by T0 and T1) without applying external measures. When the temperature drops below T0, which is already 
at a minimum ventilation rate, the heating system is turned on. When the temperature increases beyond T1, 
the temperature is controlled by increasing the ventilation rate. At a certain point (at T2), the temperature 
cannot be reduced enough by solely increasing ventilation flow rate. When the temperature exceeds T3, active 
cooling is applied to lower the temperature inside the pens.  



 

Figure 1.: Applied climate control in poultry farm. 

  

2.2. Special boundary conditions for heat and cold stress tests 

The temperatures and relative humidities from Table 1 represent the requirements for the chickens under 
‘standard’ stable conditions. However, sometimes, extreme conditions have to be applied to the pens in order 
to create a ‘stressful’ environment for the chickens. This way, the researchers of ILVO can perform heat and 
cold stress tests and investigate the influence of these conditions on the chickens. The conditions for the heat 
stress tests are as follows (in function of the age of the chickens): 

- Day 3-6: 24h at 40°C and RH 65% 
- Day 7-25: 12h/day at 39.5°C and RH 65% 
- From day 26: 8h/day at 36°C and RH 70% 

 
The conditions for the cold stress tests are: 

- Day 1-6: 24h at 24°C and RH 40-50% 
- Day 7-13: 24h at 15°C and RH 40-50% 
- Day 14: 24h at 13°C and RH 40-50% 
- Day 15-26: 24h at 13°C and RH 50-55% 

 

These conditions only have to be applied in 3 (adjacent) compartments of the 9 compartments, and have to 
be reached within 2 hours. Also, the return to standard conditions has to happen within 2 hours. 720 chickens 
are present in all 9 compartments. While 3 compartments are put under the stress test conditions, the other 
six compartments follow the standard conditions mentioned in section 2.1. 

 

2.3. Layout of chicken farm 

Table 2.  Thermal resistances. 

Type and location Value [m²K/W] 

Convection external side wall 0.02  
Convection internal side wall 0.25  
Convection floor 0.25 
Convection ceiling 0.25  
Conduction external wall between compartment and outside 7.77  
Conduction internal wall between compartments 2.62  
Conduction internal wall between compartment and air lock 2.52  
Conduction internal wall between compartment and food compartment 2.52  
Conduction internal wall between food compartments 2.43 
Conduction external wall between food compartment and outside 1  
Conduction ceiling 4  
Conduction floor 4.17  
Conduction roof 3.2  

 



In addition to the required climate, the dimensions and layout of the modeled stable also have an important 
impact on the final results. The stable is divided into 9 compartments, which can each contain up to 1555 
chickens. Three compartments make up one department, with each their own air conditioning unit. Next to 
these compartments, food compartments are located which separate the chicken compartments from the outer 
walls. Additionally, an attic is located above the chicken compartments. The design has predefined interior 
wall, exterior wall, floor, and ceiling construction materials and thicknesses which are used in the model to 
calculate conductive thermal resistances between two adjacent areas. The convective thermal resistances are 
calculated with constant convection coefficients, which are taken conservatively based on the default values 
of TRNSYS 16 TRNBuild [8]. The thermal resistances are listed in Table 2 and a sketch of the compartment 
layout is illustrated in Figure 2. 

 

Figure 2. Sketch of the layout of the poultry farm consisting of nine air-locks, chicken compartments, and 
food compartments as well as a room for offices and utility. 

2.4. Model strategy 

For the modelling, which was done in Python 3.7 [9], the poultry farm was divided into 19 zones: 9 chicken 
compartments, 9 food compartments and the attic. For each zone, three balances were calculated: an energy 
balance, a mass balance (w.r.t. the air supply) and a moisture balance. In the zones containing chickens, the 
heat and vapour production by the chickens was taken into account, as well as the heat conduction to adjacent 
chicken zones, food compartment, attic, air-lock, ground and outdoors. In addition, direct solar gains due to 
six installed Solatubes [10] per chicken compartment, were also added. Lastly, the contribution of the heat and 
vapour transferred through ventilation and infiltration of air was included. For the food compartments, the 
conduction is similar to the chicken compartments. However, there are no internal (heat or vapour) gains, no 
ventilation and no Solatubes. When simulating the attic, only conduction to chicken compartments and the 
outdoor environment is taken into account.  

For simplicity, the infiltration losses are taken into account by assuming a constant infiltration rate in the model. 
This is expressed by certain ‘air changes per hour (ACH)’. It is assumed the fresh air in the chicken 
compartments is coming from the food compartments. This same infiltration rate, in its turn, is coming through 
cracks and crevices from the outside environment. As a default, 1 ACH is taken, and the influence from this 
assumption is evaluated later on. 

Two ventilation strategies are considered, which influence the energy balance. The first one dictates that the 
target temperature and humidity inside the chicken compartments are always maintained. In this strategy, the 
ventilation rate is put to the minimum value, and additional heating or cooling is applied to reach the target 
temperature. In the second strategy, the control depicted in Figure 1 is applied. Here, different temperatures 
than the target temperature are allowed (within a certain range) before heating or cooling is needed. This will 
have a significant impact on the required heating and cooling load. In the model, this problem is solved 
iteratively by searching for the temperature and ventilation rate combination where the required (sensible) load 
is minimal. As a default, the minimum ventilation strategy is applied. In section 3.4.2, the influence of applying 
the second strategy is discussed. 



The heat losses to the air-lock are dependent on the temperature of the air-lock, which is unknown. Therefore, 
this temperature was assumed to be at the average temperature of the compartments and outdoors, with a 
minimum of 18°C. As the attic and food compartments do not have a target temperature, the temperature in 
these compartments is solved iteratively based on reaching an energy balance between the heat losses and 
the heat gains. In addition, a minimum temperature of 18°C is set in the food compartments.  

 

3. Simulation results with fixed outdoor conditions 

3.1. Steady-state cooling and heating loss calculations 

In the calculations presented in this section, the outdoor temperature is fixed at certain values, varying from -
10°C to 35°C. The outdoor relative humidity is fixed at 50%. The heating and cooling loads were calculated for 
different chicken occupations (both in age and number). 1555 chickens per compartment represents the 
maximum capacity of the farm, 720 chickens per compartment represents the standard occupation. Table 3 
gives an overview of the sensible loads, expressed in kW, for the entire poultry farm. Positive values indicate 
heating, negative values indicate cooling. For standard occupation conditions, the maximum sensible heating 
load is thus 141 kW, the maximum cooling load is 157 kW. 

Table 3.  Heating and cooling loads (sensible) (in kW). RH (outside) = 50%. 

 Number of chickens per compartment 

Outdoor temperature (°C) Age (d) 720 1555 

-10 0 107 113 

  14 111 136 

  28 120 168 

  42 141 216 

0 0 81 86 

  14 75 88 

  28 70 89 

  42 74 101 

10 0 55 58 

  14 39 40 

  28 19 16 

  42 17 -30 

20 0 30 31 

  14 4 -8 

  28 -31 -71 

  42 -59 -128 

30 0 7 7 

  14 -29 -54 

  28 -79 -149 

  42 -124 -242 

35 0 -5 -6 

  14 -46 -77 

  28 -104 -188 

  42 -157 -299 

 

The highest heating load corresponds to older chickens, however, this is strongly dependent on the outdoor 
conditions as well. In addition, the higher the number of chickens in a compartment, the higher the load. This 
finding is a result of the allowed ventilation rate and the chickens own heat production. The load for one 
department (so three compartments) is, by approximation, equal to 1/3rd of the total load. In reality, the demand 
of compartments located near the outdoor environment will be different to the ones more in the center, due to 
the heat losses to the environment. 

 



3.2. Analysis of the energy balance 

In this section, the results from section 3.1 are investigated in more detail by zooming in on the energy balance. 
In particular, identifying the dominant heat losses allows for reducing these by adjusting the farm design. The 
results presented in this section are based on the simulations for a stable with 720 chickens per compartment 
at an age of 42 days, as this age resulted in the highest cooling and heating loads according to section 3.1. 
The trends observed are however also applicable to the other occupation combinations. In Figure 3, the energy 
balance in winter (i.e. -10°C outside) for the entire stable is depicted, divided into energy input (left) and energy 
output (right). The input contains the heat production of the chickens, the heat gains because of the Solatubes 
and the required heating. The output contains the ventilation and infiltration losses (to the air-locks) and the 
conduction losses.  

 

Figure 3. Energy balance (sensible) in winter (-10°C) for entire stable (720 chickens/compartment at 42 days 
old). RH (outside) = 50%. 

Based on this figure, it can be concluded that the Solatubes mainly serve as light source, but do not really 
contribute to the heat balance. It should be noted that the impact of the incident solar radiation on the remainder 
of the roof and outer walls is not taken into account in the calculations, as the impact will be limited. The 
expectation is that when incorporating these, the conduction losses through the attic and outer walls will likely 
decrease, as they will be at a higher temperature than considered in the current simulations. 

The conduction losses are also small compared to the ventilation and infiltration losses. The ventilation rate 
accounts for 62% of the total losses. This is the largest component for the oldest chickens, which is also likely 
the reason why the maxima occur for these ages as seen in Table 3. Therefore, if technically possible, the 
required heating load could be strongly reduced by incorporating an energy recuperation system on the 
ventilated air. 

The conduction losses from Figure 3 are split up into each heat loss stream in Figure 4. The largest share of 
conduction losses is through the ground.  This might be the result of some assumptions and simplifications 
that were made, as the ground is a difficult part to model due to the influence of floor heating and additional 
insulation. However, as the overall influence of conduction losses on the total heat balance is limited, it is 
expected that the applied model for the ground does not have a significant influence on the main results. 
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Figure 4. Distribution of conduction losses (sensible) in winter (-10°C) for entire stable (720 
chickens/compartment at 42 days old). RH (outside) = 50%. 

A similar analysis as described above was made for conditions during summer (i.e. 30°C outside). The results 
for the energy balance are given in Figure 5. The heat gains due to the Solatubes and the heat generation of 
the chickens are still the inputs. However, under these conditions, the ventilation, infiltration and conductive 
heat streams are also inputs as the outside temperature is higher than the target temperature. The largest 
share is the heat produced by the chickens themselves, ventilation is the second largest share. The only 
energy output is the cooling load.  

 

 

Figure 5. Energy balance (sensible) in summer (30°C) for entire stable (720 chickens/compartment at 42 
days old). RH (outside) = 50%. 

3.3. Required loads during stress testing 

3.3.1. Heat stress tests 

The heating loads for the three compartments put under the heat stress test conditions (as described in section 
2.2) are illustrated in Figure 6. The heating loads are expressed in function of the age of the chickens and the 
outdoor temperature. The gap at day 25 is due to the change in setpoint condition as mentioned in section 2.2. 
As expected, the highest heating loads correspond to the lowest outdoor temperatures. For an outdoor 
temperature of 30°C or 35°C, no heating is required when the chickens are older (negative values in the graph). 
In these cases, there is cooling required, although reduced compared to the standard conditions. The 
maximum requirement for a heat stress test at 0°C outside temperature does not exceed the required heating 
power of one department at -10°C which is 47 kW. This is 1/3rd of 141 kW as can be seen in Table 3 for 720 
chickens per compartment. So no additional capacity has to be installed. 
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Figure 6. Heating load (sensible) for one department put under heat stress (720 chickens/compartment). RH 
(outside) = 50%. 

3.3.2. Cold stress tests 

The cooling loads for the three compartments during the cold stress tests are plotted in Figure 7, again in 
function of outdoor temperature and the age of the chickens. The gaps in this figure are once again a result of 
the change in setpoint condition as listed in section 2.2. The cooling load increases with an increase in outdoor 
temperature. At the lower outdoor temperatures, heating is required (indicated by the positive values) although 
reduced compared to the standard conditions. Once again, for the cold stress test conditions at an outside 
condition of 20°C, the required cooling power for one department is not exceeded for the standard conditions 
of one department at 35°C outside temperature. 

 

Figure 7. Cooling load (sensible) for one department put under cold stress (720 chickens/compartment). RH 
(outside) = 50%. 

Combining the above mentioned results with the results presented in Table 3 (but rescaled to 6 compartments 
instead of 9) gives the total heating or cooling load of the entire farm during the periods with stress tests. It 
should be noted that these values are stationary loads, i.e. loads required to maintain the target temperature 
inside the compartments. However, in order to reach these temperatures within the required timeframe (2 
hours), additional power is required, which can be based on dynamic calculations. As long as these tests occur 
at corresponding weather conditions, i.e. heat stress tests around summer time and cold stress tests around 
winter time, no additional power should have to be foreseen (compared to the values mentioned in Table 3) to 
be able to achieve the predefined conditions. 

 

3.4. Sensitivity analysis of simulation parameters  

In the calculations discussed above, several assumptions were made in the model. In this section, the influence 
of some of these assumptions on the results are investigated. A closer look will be taken at the air tightness of 
the farm and the applied ventilation strategy. The heating and cooling loads are recalculated with a different 
set of parameters, for the maximum and minimum loads during winter (-10°C outside) and summer (30°C 
outside) for 720 chickens per compartment. 

 



3.4.1. Influence of air tightness 

As already mentioned in section 2.4, a default value of 1 ACH was applied in the simulations. The next graph 
illustrates the influence on the results when the infiltration rate is either halved or doubled. The influence on 
the cooling load is rather limited compared to the influence on the heating load. This is also illustrated by the 
energy balances presented before (Figure 3 and Figure 5). During winter conditions, when heating is 
necessary, the infiltration rate has a large relative contribution in the energy balance. However, during summer 
conditions, when cooling is required, the infiltration rate has a less dominant contribution. Overall, a good air 
tightness is important as it drastically impacts the heating load.  

 

Figure 8. Influence of air tightness on (sensible) heating load (winter, -10°C) and cooling load (summer, 
30°C) for the full stable (720 chickens/compartment at 42 days old). RH (outside) = 50%. 

3.4.2. Influence of applied ventilation strategy 

As a default, in the previous results, the minimum ventilation strategy was applied. In Figure 7, the influence 
of the choice of bandwidth in the strategy depicted in Figure 1 is investigated. In case cooling is required, first, 
‘free cooling’ is used until the maximum ventilation flow rate is reached before active cooling is applied. The 
bandwidth “zero” means that the target temperature (TT) is always reached. For the “small” bandwidth, there 
is a 0.5°C tolerance on the target temperature (meaning T0 and T1 from Figure 1 are 0.5°C below and above 
TT, respectively). The bandwidth itself (difference between T1 and T2) is set to 2.5°C. This means that for this 
case, active cooling is started when the temperature is 3.5°C above the target temperature. The bandwidth 
“large” corresponds to a tolerance of 1°C on the target temperature and an actual bandwidth of 5°C, so active 
cooling will be started when the temperature is 7°C above the target temperature. From Figure 9, it can be 
seen that the influence of the ventilation strategy on the heating load is limited. This is because the tolerance 
on the temperature to apply heating is small in every case. For cooling, the tolerance is a lot higher. Only in a 
limited amount of cases, the outdoor temperatures will be 7°C higher than the target temperature, thus 
eliminating the need for additional cooling in a lot of scenarios.  

 

Figure 9. Influence of ventilation strategy on (sensible) heating load (winter, -10°C) and cooling load 
(summer, 30°C) for the full stable (720 chickens/compartment at 42 days old). RH (outside) = 50%. 
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3.5. Influence of outdoor relative humidity  

The outdoor relative humidity has almost no impact on the sensible load but it does drastically change the total 
load through the latent heat requirements. Figure 10 shows the maximum humidifying and dehumidifying flow 
rate in function of the outdoor relative humidity. For humidification, this maximum occurs at the lowest outdoor 
temperature (-10 °C) and chickens of 14 days old. These values are almost constant as the saturated humidity 
ratio at this temperature is very low, resulting in only small changes of water content within the air flows. The 
maximum dehumidification flow rate occurs at the highest tested outdoor temperature (35 °C) and chickens of 
42 days old. This value is more strongly dependent on the relative humidity as a similar change at this outdoor 
temperature represents a larger change in humidity ratio. At low relative humidities, dehumidifying is not 
necessary in any scenario. But at high relative humidities, the dehumidification has to balance the water vapour 
production from the chickens, infiltration flow rate, and ventilation flow rate, thus resulting in high required flow 
rates. 

 

Figure 10. Influence of the outside relative humidity on the maximum required (de)humidifying flow rate for 
the full stable (720 chickens/compartment). 

4. Simulation results over an entire year 
Lastly, four simulations run over an entire year are compared based on representative weather data of the 
planned building location. The weather data is from a past year with measurements for every hour. The typical 
load for the planned farm is 720 chickens in each compartment, which grow over a period of 42 days. Before 
the next cycle of chickens occurs, an empty period of 10 days is required. A full cycle thus takes around 52 
days. Four profiles are used to study the impact of when this 52 day cycle starts throughout the year. In the 
four different profiles the new chickens were introduced on days 1, 11, 26, and 40 of the year, where the rest 
of the occupancy is determined based on the 52 day cycle. The results of these simulations are presented in 
Table 4. There is some impact on the required heating and cooling depending on when the cycle is started. 
Some outliers are possible, as for example, the cooling demand for profile 2 is noticeably higher. The total 
cooling and heating loads presented in Table 4 also include the required cooling and heating to dehumidify, 
by cooling the air below the dew point and afterwards heating the air back to the required inlet temperature. 
The high cooling load in profile 2 is therefore also likely a result of the high dehumidification within this profile 
as a result of the unfortunate matching of this profile with a harsh weather period. It would thus be a good 
practice to try and match the 10 days empty period with harsh weather conditions if these are known sufficiently 
in advance. 
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Table 4. Simulations over a year for a representative weather year. 

  Profile 1 Profile 2 Profile 3 Profile 4 

Total heat load MWh/y 521.1 519.2 523.5 515.4 

Sensible heat load MWh/y 286.8 284.4 288.3 285.2 

Total cooling load MWh/y 88.0 106.2 94.3 78.4 

Sensible cooling load MWh/y 29.0 35.0 34.7 26.5 

Max total heat load kW 191.0 174.0 180.9 184.7 

Max sensible heat load kW 126.7 101.1 105.5 119.7 

Max total cooling load kW 221.6 253.5 227.0 222.7 

Max sensible cooling load kW 92.4 97.6 115.9 97.0 

Total humidification kg/y 304,649 300,165 306,645 300,710 

Total dehumidification kg/y 57,540 69,647 59,092 49,346 

Max humidification flow rate kg/h 105.3 111.5 107.8 98.6 

Max dehumidification flow rate kg/h 149.8 171.1 139.0 158.3 
 

5. Conclusion 
In this paper, a model was developed to estimate the heating and cooling demand, irrespective of the HVAC 
system, for a proof-of-concept chicken farm that would house a maximum of 14,000 chickens. During standard 
chicken occupation with 720 chickens per compartment, for a total of 6,480 chickens, the stable would require 
a maximum of 140 kW of heating load and 157 kW of cooling load depending on the weather conditions. These 
maxima occur for the oldest chickens of 42 days old. The main conduction losses of the stable are primarily 
through the floor and secondly through the ceiling. However, the implementation of underfloor heating could 
have a drastic impact on floor conduction losses. In the overall balance, the conduction losses are neglectable 
in comparison to the ventilation and infiltration losses. The air tightness of the chicken pens, however, is an 
important factor in the required heating power and sufficient effort should be taken to lower the air changes 
per hour of the air-conditioned stables. This stable will also be used to test the impact of stressful temperatures 
and humidities on the chicken’s behaviour. The HVAC unit should also be able to handle these conditions. As 
long as these tests align with the reigning weather conditions, such as heat stress tests in summer, then there 
should be no additional power required to achieve the wanted stress conditions. The results of this model will 
help in sizing the required HVAC installations of the proof-of-concept chicken farm, leading to increased energy 
efficiency and reduction in greenhouse gas emissions. 
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Nomenclature 
ACH air changes per hour, m3/s 

𝑄  thermal power, W 

𝑚  mass, kg 

�̇�    mass flow rate, kg/s 

𝑅𝐻  relative humidity, % 

𝑇  temperature, °C 

𝑇𝑇  target temperature, °C 

𝑉  Ventilation rate, m3/s 

Subscripts and superscripts 
𝑎  air 

𝑒𝑥𝑡 exterior 
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Abstract: 

Energy system optimization models (ESOMs) often contain time coupling constraints, some of which couple 
short time frames as of daily storages or load changes of components, while other constraints couple longer 
periods like seasonal storages, peak load prices, or upper bounds to overall yearly CO2 consumption.  
Those ESOMs have binary constraints for minimal loads, efficiency curves, or discontinuous energy prices 
that are relevant for the short-term operation of the equipment. Calculation times for solving a whole year or 
longer as a coupled MILP problem are in many cases too high for practical applications that normally should 
not exceed one hour. Typical decomposition strategies to reduce calculation times are often designed for 
subclasses of energy system models and are not generally applicable. In order to have a generalized approach 
to solve these models efficiently, we investigate strategies that are based on a problem specific relaxation of 
integer constraints and downsampling of the input time series of the models.  
A rolling horizon strategy is proposed that relaxes and downsamples the time steps from the end of the rolling 
horizon to the end of the year to consider the operation during the rest of the year. In order to reduce the error 
of the relaxation, binary constraints are reformulated to get the best LP approximation of the original MILP 
model. Using this rolling horizon strategy, models that are almost unsolvable as coupled MILP can be solved 
efficiently and very robustly and deliver a result that is feasible for the original problem and very close to the 
optimum of the original problem. 

Keywords: 

Energy system optimization; Time-coupling constraints; LP-relaxation; MILP; Downsampling. 

1. Introduction to solving time-coupled energy system optimization 
The optimization of the design and operation of energy supply systems plays an important role in the 
decarbonization of the industrial, commercial, and communal sector. Due to the vast number of new 
technologies and the interactions between different kinds of energy (sector coupling), designing and operating 
energy systems is a complex task which in most cases requires mathematical optimization models. Although 
some decisions can be made using simulation models, energy system optimization models (ESOM) are much 
more flexible and versatile to handle different kinds of decisions and target functions. Linear programming (LP) 
or mixed integer linear programming (MILP) has evolved as the state-of-the-art method to do these kinds of 
optimizations, although the problems themselves are often nonlinear. The complexity of these kinds of models 
is high if spatial, temporal, and/or technological dimension is high [1,2].  

Many references in scientific literature deal with capacity planning of energy systems of countries [3,4] or even 
networks of more than one country [5,6]. Because electricity is very hard to store and has to be produced at 
the same time it is consumed, most of these models focus very much on electricity supply. In this paper, we 
focus on smaller sized energy systems, for example in industry, commercial buildings, or communal quarters. 
In contrast to countries or continents, those energy systems have an almost negligible spatial resolution. The 
technological options and temporal resolution on the other hand are often more versatile than in ESOMs for 
geographically large networks.  

Optimizations are modeled as quasi-stationary states of operation for every piece of equipment and every 
point in time. Typical resolutions are hourly or quarter-hourly for a whole year or even longer. In cases where 



the energy suppliers and demands are separated spatially and the energy distribution (grid) is also relevant, a 
spatial structure of the energy system can be taken into account as well.  

In this paper, we focus on models that take hours to solve due to the coupling of time steps by storages or 
other effects. From a practical standpoint, these models are often considered unsolvable, as for some real-
world applications it is not possible to wait for so long. The aim is to solve these models in less time by solving 
simplified models with results very close to the original model. Other scientific work often focuses on certain 
kinds of time-coupling variables or equations and propose very good solutions to solve these ESOMs very 
closely to the original full model. Many of these publications use the target function value of the replacement 
models as quality measure for the methodology. An overview of different approaches to tackle complexity in 
ESOMs is given in [1] and [7]. In this work, we want to evaluate the operation of the equipment as well, because 
for practitioners this is an important criterion to decide whether a solution makes sense.     

1.1. Non-scientific requirements in energy system optimization 

In this work, we focus on non-scientific use cases of energy system optimization. The GFaI develops a software 
toolkit called TOP-Energy for the optimization of industrial and communal energy systems [8,9]. The 
constraints to the methodology discussed here arise from customers and reflect practical considerations like 
economic constraints or usability constraints.  

A very important boundary condition of solving time-coupled ESOMs in a consulting use case is the time to 
solve the model. Energy consulting projects often have a scope of one or two months and include data 
acquisition, modeling, scenario optimization, scenario comparison, and presentation of results. It is necessary 
to solve several models per day, so the time to solve one model should not exceed one hour.  

Another important criterion is the comprehensibility of the results. Parameter variations should result in a 
reasonable change of the solution. This affects parameters like the gap of the MILP solver. Very high gaps 
can lead to solutions that are close to the optimal solution but are not explainable anymore. The operation of 
the energy system in the result should be reasonable. This is especially important for design optimization, in 
which errors in the target function may affect certain time points disproportionately and make them look wrong. 
This has happened in real world problems in the past and is a problem for the credibility of the ESOM itself.    

Some applications exploit the convex nature of some constraints relative to the target function. Electric feed-
in for example, usually does not need a constraint that forbids buying and selling electricity at the same time, 
as prices are usually pointing in the direction of minimizing feed-in. Practical applications nonetheless are very 
generic and can’t exploit the seeming complexity of the constraint. Changing the target function from operating 
costs to CO2 emissions for example changes the convexity, but is a very common feature in real-world models. 

1.2. Idea of the paper 

The idea of the paper is to propose a method that can handle all kinds of relevant time-coupling constraints in 
models of typical industrial or communal energy systems without exploitation of certain convex parts of the 
model or behavior of technical components. Some decomposition approaches only work for a subset of 
ESOMs. We are trying to use a very general approach that is based on a relaxation of binary variables and a 
downsampling of the time series rather than a decomposition. We do not want to use Benders or Dantzig-
Wolfe decomposition because they rely on a very specific mathematical structure of the problem that cannot 
be guaranteed in every case. In order to get a reasonable mode of operation for every device in the final 
solution, the previously relaxed binary variables have to be set to 0 or 1 in a later stage of the optimization. By 
doing this, the solution presented to the user is feasible for the original problem. 

We propose a multi-stage optimization approach, in which the first couple of stages determine the design 
variables and the peak power prices, and the last stage uses a rolling horizon with a relaxed look-ahead in 
order to calculate results that fulfill all constraints of the original problem. The complexity of the original problem 
is thus reduced by relaxation of binaries and downsampling of the input time series in a way, that the difference 
between the original and the downsampled time series is as small as possible.  

In order to improve the quality of the relaxed solution, problem specific substitute formulations are used for 
specific binary variables. They are used to replace piecewise-linear functions and SOS1 formulations for feed-
in prices in a way that the difference between the binary formulation and the LP formulation is as small as 
possible.  

2. Structure of optimization problem 

2.1. Mathematical structure of the design and operation optimization problem 

The mathematical formulation of the optimization problem was stated similarly in many cited publications. We 
look for a generic formulation, which works for many energy conversion units (electricity, heat, cooling, steam, 
compressed air), many operational side conditions (minimum part load, minimum runtime, ramp-up behavior, 
maintenance), and many operating costs (costs per operating hour, costs per full load hour, costs per year).The 
mathematical formulation will only be given very briefly. In most cases, the total annualized costs (TAC) are 



minimized, although in some cases minimizing CO2 emissions is also relevant. So, inspired by [10] the target 
function is formulated like this:  

min
�̇�𝑛,𝑡,�̇�𝑒,𝑡,𝑉′̇ 𝑒,𝑡,𝛿𝑛,𝑡

𝑇𝐴𝐶 = 𝑂𝑃𝐸𝑋 + 𝐶𝐴𝑃𝐸𝑋

= ∑ (Δ𝑡𝑡 (∑ 𝑓𝑛,𝑡(�̇�𝑛,𝑡)

𝑛∈𝐶

+ ∑ 𝑐𝑒,𝑡�̇�𝑒,𝑡 − 𝑟𝑒,𝑡𝑉′̇ 𝑒,𝑡

𝑒∈𝐸

)) + ∑ �̂�𝑒,𝑡�̇�𝑒,𝑡
𝑚𝑎𝑥

𝑒∈𝐸

+ 𝑎𝑖𝑛𝑣 ∑ 𝑓𝑛
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𝑁)

𝑛∈𝐶𝑡∈𝑇

 

∑ �̇�𝑛,𝑒,𝑡

𝑛∈𝐶𝑒

− ∑ �̇�′𝑛,𝑒,𝑡

𝑛∈𝐶𝑒

+ �̇�𝑒,𝑡 − 𝑉′̇
𝑒,𝑡 − �̇�𝑒,𝑡 = 0 ∀ 𝑒 ∈ 𝐸 ∧ ∀ 𝑡 ∈ 𝑇 (1) (energy balance) 

�̇�𝑛,𝑡 = 𝑓𝑛
𝑒𝑓𝑓

(�̇�′𝑛,𝑡) ∀ 𝑛 ∈ 𝐶 ∧ ∀ 𝑡 ∈ 𝑇 (2) (energy conversion efficiency) 

�̇�𝑛
𝑁 ≥ �̇�𝑛,𝑡 ∀ 𝑛 ∈ 𝐶 ∧ ∀ 𝑡 ∈ 𝑇 (3) (nominal power per device) 

�̇�𝑒,𝑡
𝑚𝑎𝑥 ≥ �̇�𝑒,𝑡 ∀ 𝑒 ∈ 𝐸 ∧ ∀ 𝑡 ∈ 𝑇 (4) (peak power grid connection) 

0 ≤ �̇�𝑛,𝑡 ≤ 𝛿𝑛,𝑡�̇�𝑛
𝑚𝑎𝑥 ∀ 𝑛 ∈ 𝐶 ∧ ∀ 𝑡 ∈ 𝑇 (5) (minimum part load) 

Δ𝑡𝑡�̇�𝑛,𝑒,𝑡 ≤ 𝑉𝑛,𝑒,𝑡  ∧ Δ𝑡𝑡�̇�′𝑛,𝑒,𝑡 ≤ 𝑉𝑛,𝑒,𝑡
𝑛 − 𝑉𝑛,𝑒,𝑡 ∀ 𝑛 ∈ 𝐶𝑠𝑡  ∧ ∀ 𝑡 ∈ 𝑇 (6) (charging and discharging) 

Δ𝑡𝑡(�̇�𝑛,𝑒,𝑡 − �̇�′𝑛,𝑒,𝑡) = 𝑉𝑛,𝑒,𝑡   ∀ 𝑛 ∈ 𝐶𝑠𝑡  ∧ ∀ 𝑡 ∈ 𝑇 (7) (filling level storage) 

𝛿𝑛,𝑡 ∈ [0,1];  �̇�𝑛,𝑒,𝑡 ∈ ℝ+;  �̇�′𝑛,𝑒,𝑡 ∈ ℝ+; 𝑉𝑛,𝑒,𝑡 ∈ ℝ+; (�̇�𝑒,𝑡 , 𝑉′̇
𝑒,𝑡) ∈ 𝑆𝑂𝑆1 

 

The operating expenditures consist of operating costs for running a certain piece of equipment 𝑛 ∈ 𝐶 at a 

certain point of time 𝑡 ∈ 𝑇. The operating costs are a function of the amount of energy �̇� of a certain energy 

form 𝑒 ∈ 𝐸 at that point in time. Additional costs for purchasing energy from the grid 𝑐𝑒,𝑡�̇�𝑒,𝑡 and revenues from 

selling energy to the grid 𝑟𝑒,𝑡𝑉′̇ 𝑒,𝑡 as well as peak power costs �̂�𝑒,𝑡�̇�𝑒,𝑡
𝑚𝑎𝑥 are included in the OPEX. The capital 

expenditures (CAPEX) consist of the investment costs for a device 𝑛 multiplied by the annuity factor 𝑎𝑖𝑛𝑣. The 

investment costs are a function of the nominal power �̇�𝑛
𝑁. The target function has to be minimized subject to 

other constraints, most importantly the energy balance. This implies that the demand of each energy form at 

a certain point in time �̇�𝑒,𝑡 has to be met by the sum devices producing that energy form ∑ �̇�𝑛,𝑒,𝑡𝑛∈𝐶𝑒  plus the 

supply from the grid minus feed-in and the consumption of that energy form by other devices. The feed-in and 
grid supply are part of a special ordered set I (SOS1), so both cannot be non-zero at the same time. The 
energy supplied by a device is a function of other energy forms consumed. This function can be a constant 
efficiency of a piecewise-linear function. The minimum part load is modeled using a binary variable 𝛿𝑛,𝑡 and a 

Big-M formulation using �̇�𝑛
𝑚𝑎𝑥  as Big-M. Storage components (𝐶𝑠𝑡) can only supply the amount of energy 

represented by their actual filling level 𝑉𝑛,𝑒,𝑡 and can only be charged up to the maximum filling level 𝑉𝑛,𝑒,𝑡
𝑛 .  

2.2. Time-coupling constraints 

Typical ESOMs for optimizing the design and operation of energy systems can have different kinds of time-
coupling constraints, which can be divided into two different categories: On the one hand, there are couplings 
that introduce a variable as an upper limit for another variable for every single time step. This is the case for 
design variables, like the nominal power of devices that limit the power of a device for every single time step, 
and grid peak power variables that limit the power that can be taken from an energy supply grid for every single 
step in time. These coupling variables introduce complicating variables into the MILP. On the other hand, there 
are cumulating variables. Examples for these constraints are storage variables and upper limits to CO2 
emissions of an energy system. These variables introduce complicating constraints into the MILP.  

One way to deal with these complicating constraints and variables in an MILP that otherwise has a block 
diagonal structure is Bender or Dantzig-Wolfe decomposition. Because we deal with all kinds of energy 
systems with very heterogeneous mathematical formulations and mixtures of complicating constraints and 
variables, these kinds of mathematical decompositions are not used in this work. There are some approaches 
to use Bender and Dantzig-Wolfe decomposition in literature ([11–13]), but they are tailored to a subset of use 
cases that are investigated in this work. Instead, the approach of this paper is a generic use of relaxations and 
downsampling to simplify the overall MILP model.  

2.2.1. Upper limit (power price, capacity) 

Complicating variables that represent an upper limit to another variable in every single time step occur, for 
example, in peak power pricing where a certain price has to be paid for the highest energy amount consumed 
from the electric grid per 15 minutes ((4) in Section 2.1). Another common example of variables representing 
an upper limit for every time step is the nominal power of a technical component in a design problem. The 
nominal power is an upper limit to the energy produced by that component per time step ((3) in Section 2.1). 

 
 



2.2.2. Daily storage 

Storages introduce complicating constraints into the ESOM. The state of charge of the storage couples two 
consecutive time steps and depends on the charged and discharged energy ((7) in Section 2.1). 

Storages can be distinguished on the basis of their main application. Storages are economically most feasible, 
when they have many charging cycles throughout a year. Therefore, daily storages, which store electricity from 
photovoltaic, for example, are very common today. ESOMs containing these storages can be decomposed 
using typical days for calculating the storage operation ([14–19]). This kind of decomposition typically uses a 
cyclic constraint that couples the filling level of the first hour with the last hour of a typical day thus separating 
the solution of different typical days from each other.  

2.2.3. Seasonal storage 

Seasonal storages work exactly as daily storages, and the mathematical formulation of the overall problem 
looks exactly the same. However, the use case is different. Seasonal storages are designed to store energy 
for very long periods. They often have only one charging cycle throughout the year. A typical example is an 
ice storage that freezes water during the winter using the cold side of a heat pump. This ice can be used during 
the summer to cool buildings and thus be thawed again. Because we focus on models with a time frame of 
only one year, a cyclic constraint for seasonal storages has to be added to the mathematical formulation above, 
which couples the state of charge of the first time step with the last time step: 

𝑉𝑛,𝑒,0 = 𝑉𝑛,𝑒,𝑚𝑎𝑥     ∀ 𝑛 ∈ 𝐶𝑠𝑡   

Due to the long-term storing of energy, decomposed typical days do not work for the design of these kinds of 
applications. There are approaches to couple typical days by a superimposed state of charge variable for every 
day of the year ([17,20,21]). These approaches do not perform very well for the design of seasonal storages 
because the order of the typical days has a very big influence on the design of the storage. Calculations with 
simplified energy system models resulted in deviations in the size of the storage between the full model and 
the decomposed model of over 85 %. Typical days are often determined using a clustering algorithm. Grouping 
of typical days by “charge-days” and “discharge-days” improves the design of the storage but still does not 
give reliable results. 

 

Figure. 1. State of charge of a seasonal storage designed using typical days compared to the fully coupled 
original model. 

Figure. 1 shows the resulting state of charge using coupled typical days compared to the result of the original 
model. The underlying model consists of an oversized photovoltaic plant that produces electricity for hydrogen 
during the summer in order to produce electricity in a fuel cell during the winter season. The hydrogen is stored 
in a hydrogen storage of the size which is shown in the figure above. The fully coupled model results in a 
storage size of 215 MWh, whereas the decomposed model calculates a size of 33 MWh. The design of 
seasonal storages is one of the main reasons a method is developed that maintains the order of time steps in 
the reduced model in this paper.  

2.2.4. Integral values 

Another reason to have complicating constraints from cumulating variables in an ESOM are integral values. 
Typical examples are upper limits for CO2 emissions of an energy system or performance indicators that should 
be met throughout the year. These constraints often come from corporate ecological goals or government 
regulations [22]. Equations of integral values are not included in Section 2.1. A typical formulation might look 
like this:  

 



∑ ∑ 𝜃𝑒,𝑡(�̇�𝑒,𝑡 − �̇�′𝑒,𝑡)

𝑡∈𝑇

≤ 𝜃𝑒
𝑚𝑎𝑥

𝑒∈𝐸

 ∀ 𝑒 ∈ 𝐸 (8) (CO2 emission limit) 

∑ ∑ �̇�𝑒,𝑡𝑡∈𝑇𝑒∈𝑛

∑ ∑ 𝑉′̇ 𝑒,𝑡𝑡∈𝑇𝑒∈𝑛

≥ �̂�𝑐 ∀ 𝑛 ∈ 𝐶 (9) (Overall efficiency constraint) 

In formulation (8), 𝜃𝑒
𝑚𝑎𝑥 is an upper limit of an integral value: in this case, the CO2 footprint of all energy forms 

bought from the grid minus the ones fed into the grid. In (9) the quotient of produced energy and consumed 
energy throughout the year of one component (overall efficiency) should be higher than a target efficiency �̂�𝑐. 
These formulations exist in cogeneration subsidies in Germany, for example.  

2.3. Binary variables and their relaxations 

The main idea of this paper is to use LP relaxations combined with the downsampling of time steps in order to 
reduce the complexity of the ESOM, while maintaining the chronological order of the time steps. Therefore, 
different typical applications of binary variables in ESOMs will be discussed in the following Section.  

2.3.1. Part load characteristics and cost functions 

Some variable relations in ESOMs are non-linear and have to be linearized in order to use them in MILP 
models. Typical examples are part load characteristics of technical equipment, which represent energy 
conversion efficiencies in part load ((2) in Section 2.1). Another common example are cost functions of 
technical components that usually have an economy of scale effect, which means the specific price of a 

technology is lower, when the plant size is bigger (𝑓𝑛
𝑖𝑛𝑣 in Section 2.1). The relation between variables is mostly 

described using piecewise linear functions (PWL) that are characterized by supporting points and interpolation 
in between those points. These PWLs can be modeled using special ordered sets (SOS) using the following 
formulation:  

∑ 𝜆𝑖𝑥𝑖 = 𝑥; ∑ 𝜆𝑖𝑦𝑖 = 𝑦 ;

𝑛

𝑖=1

𝑛

𝑖=1

∑ 𝜆𝑖

𝑛

𝑖=1

= 1 

𝜆𝑖 ≥ 0; 𝜆𝑖 ∈ SOS2; 𝑖 = 1, … , 𝑛 

in which the PWL is defined by the supporting points (𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑛 , 𝑦𝑛). In a SOS constraint of type 2 
(SOS2), not more than two variables are allowed to take a non-zero value, and these non-zero variables must 
be consecutive in the list. SOS constraints are often reformulated using binary variables.   

    

Figure. 2. Typical structure of part load curves and investment cost function. 

The figure above shows two piecewise linear functions (black) and the space of possible solutions with relaxed 
binaries (grey). In this paper, we use a linear regression of the PWL function instead of an LP relaxation. This 
way, the deviation between the LP formulation and the PWL is smaller. The linear regression is also shown in 
Figure. 2 (red). 

Typical part load curves have a convex structure due to inefficiencies in part load. Cost functions are usually 
concave due to economy of scale effects. However, in relation to the objective function, the PWLs are typically 
concave. In case of the part load curve, the objective function favors higher output power; in case of the cost 
function, the objective function favors lower investment costs. Therefore, binaries are needed for the 
formulation of the PWLs, and regression functions are used as replacement formulation in this work.  

2.3.2. Semi-continuous variables for minimum part load and start/stop restrictions 

Many energy conversion devices cannot be operated continuously between 0 % and 100 % of power output. 
In most cases, the part load behavior is continuous down to a point called minimum part load below which the 
device has to be turned off ((5) in Section 2.1). Therefore, the use of semi-continuous variables is very common 
in order to model this kind of behavior. Semi-continuous variables can either be 0 or in a range between a 
lower (ℓ) and an upper bound (u). They are reformulated using a binary variable (δ) by MILP solvers:  



ℓ ⋅ δ ≤ x ≤ u ⋅ δ 
δ ∈  {0,1} 

Relaxing these kinds of variables leads to a continuous solution space between 0 and u for the variable x. So, 
in the LP relaxation, the minimum load of the component is not taken into account.  

Because the binary variable δ is also the indicator for whether a component is on or off, this also cannot be 
distinguished in the LP relaxation leading to other constraints not being considered. Start and Stop constraints, 
for example, are often modeled in a way that a component cannot be switched on and off very frequently. If 
the on/off state cannot be determined anymore, start/stop constraints can also not be included.  

2.3.3. Binary variables for buying and selling energy  

Another typical application for special ordered sets represented by binaries are prices for buying electricity 
from the grid and the respective revenues for selling electricity to the grid. This can be represented by an SOS1 
constraint, which means electricity can either be bought or sold, but not both at the same time. The amount of 
electricity bought and sold is represented by a variable that is part of an SOS1 in each case. So only one of 
them can be different from 0 at the same time step. These variables are then multiplied with the purchase or 
feed-in price and added to the target function.  

In the LP relaxation, the variables in the SOS1 can both be different from 0 at the same time, which means 
buying and selling electricity at the same time step is allowed. As prices for buying electricity are usually much 
higher than the revenues for selling electricity to the grid, this is not a problem in most cases. Because the use 
cases discussed here are very heterogeneous, there might be situations where the price for buying electricity 
is very low. This can happen, when the selling price is determined by a subsidy (e.g., PV) and the buying price 
by a spot market (e.g., EPEX intraday). In these cases, the LP relaxation will buy cheap electricity from the 
grid and feed it back for a higher price, leading to an unbound MILP. This issue can be resolved by setting the 
same price for buying and selling electricity in the LP relaxation in these rare cases.  

In cases in which the target function is not operating costs or annualized costs but rather CO2 emissions or 
primary energy, simultaneous supply from the grid and feeding into the grid is possible. In these cases, the 
MILP will not become unbound, but the cost results of the model will be wrong.    

2.3.4. Indicator constraints for if-then relations in control statements 

Sometimes in ESOMs a constraint is only active if another condition is met. This can be modeled using 
indicator constraints, which themselves are represented using a binary variable with a Big-M formulation. An 
example is a heat pump that can only produce a certain amount of heat, when the heat source has a 
temperature above a certain value. The temperature of the heat source may be determined by another 
component (e.g., geothermal) that determines whether the source temperature can be reached. In this case, 
the heat pump can produce only a certain amount of heat, when the geothermal system is running. The on/off 
variable of the geothermal indicates the maximum power of the heat pump in this case. Using an LP relaxation 
of the original model, these indicator constraints cannot be modeled anymore, and the relation between the 
binary and the indicator constraint is lost.  

3. Methodology 
The methodology of this paper is based on a multi-stage approach using an LP relaxation and a downsampling 
in the first couple of stages to calculate the complicating variables and a rolling horizon approach in the last 
stage to calculate the complicating constraints and all other results. Using 5 different energy system models, 
times for solving LP relaxations were determined [23]. The measure to compare solving times are gurobi [24] 
work units, because they are independent of other processes running on the same machine and thus 
reproducible. A gurobi work unit is almost the same as a second on a single core processor. The 
measurements show a significant reduction in the LP relaxation. LP relaxations of MILP Models that do not 
solve in hours can be calculated in less than an hour.  

The LP relaxations used in this paper are not only relaxations of the original model but in fact reformulations 
of characteristic curves and some energy prices in order to generate a formulation that is closer to the original 
model than the LP relaxation without using any binaries. These reformulations are described in Section 2.  

An additional downsampling of the LP leads to another significant reduction of the solving time typically to less 
than a minute. We experimented with other time series reduction algorithms as described in [17]. Especially 
feature-based segmentation methods [25] that do not produce typical days but keep the order of the time steps 
intact were tested without significant improvements in the solution quality. Nevertheless, further investigations 
of these methods should be done in the future.  

3.1. Substitute formulation of binary variables 

In order to get as close as possible to the original unrelaxed formulation with the new LP formulation, some 
constraints can be reformulated in a way that does not require any binary variables. This has been done for 
piecewise linear functions using a linear regression with an axial intercept at 0/0. The advantages of this 
formulation were tested in [23]. It could be shown that a regression is faster. It is also more accurate in most 



cases, but depending on the convexity of the PWL, it might also be worse than a relaxation. Nevertheless, we 
favor the regression because we do not want to exploit the convexity of PWL functions.  

In the case of grid connections that have different purchase and feed-in prices, we use a different approach. 
In [23] we investigated different reformulations of the SOS1 constraint for feeding and purchasing electricity. 
Relaxing the SOS1 constraints led to high shifts in the target function value in time steps where the feed-in 
price is higher than the purchase price. Setting a medium price for buying and selling electricity would be a 
solution but also leads to high errors. So in this work, we propose for time steps in which electricity is bought 
and sold at the same time to add binary steps in later stages.   

3.2. Fixing complicating variables (first stages) 

Results of the LP relaxation are used to determine and fix complicating variables in the first stage of the 
optimization process. Because the LP relaxation violates a lot of binary constraints, the results of the 
complicating variables can be improved by re-adding some binary constraints that are violated in stage one 
back into the model. A solution of this partially relaxed model is stage two. 

Further studies on two different ESOMs (see Figure. 3 and Figure. 5) show the work units of models with 
different numbers of unrelaxed time steps (Figure. 4 and Figure. 6). The figures show a significant increase 
in work units above 100 unrelaxed time steps. Another significant increase happens above 1000 unrelaxed 
time steps.  

 

 
 

Figure. 3. Heat and steam supply with efficiency 
constraint (Model A). 

Figure. 4. Work units and target function value over 
the number of unrelaxed steps (Model A). 

  

Figure. 5. Steam supply with gas turbine and peak 
power price (Model B). 

Figure. 6. Work units and target function value over 
the number of unrelaxed steps (Model B). 

Model A consists of 259 continuous and 31 binary variables per time step of which presolve of gurobi removes 
about 90 %. Model B has 566 continuous and 70 binary variables per time step of which 96 % are removed 
during presolve.   

The idea of the algorithm is to add binary variables back into the relaxed model and solve it until the violation 
of binary constraints is acceptable or calculation time are getting unacceptable. When this algorithm 
terminates, the complicating variables are fixed. These are nominal powers of technical components and peak 
power of the electric grid.  

3.3. Calculating unrelaxed results using a rolling horizon 

With the complicating variables fixed, the other results are calculated using a rolling horizon approach. The 
rolling horizon is designed in a way that results are calculated using unrelaxed time steps that are not 



downsampled. The rest of the year is taken into account using a downsampled a relaxed time frame. This way, 
the development of complicating constraints by cumulating variables can be considered in the decision for the 
unrelaxed time frame. The advantage of this approach over a relaxed calculation is that the results do not 
violate any binary constraints and are not downsampled. The result is a solution of the original model, which 
is a requirement by most users. Analog to [26] the solution could be used to warm-start the original model. 
This has not been implemented in this work, but is subject to further investigation.  

 

Figure. 7. Illustration of binary rolling horizon, writing back, fixed past, and relaxed future. 

4. Runtime experiments 
Whereas preliminary studies used many different models (Section 3.1) final experiments used a model with 
an oversized photovoltaic system and a power-to-gas unit to produce hydrogen out of a surplus of electricity. 
The hydrogen can later be used to produce electricity in a fuel cell. Both fuel cell and power-to-gas produce 
low temperature heat as a by-product. This heat can either be dumped in an emergency cooler or upgraded 
in a heat pump to high temperature heat. The high temperature heat from the heat pump is used to supply the 
high temperature heat demand. Heat that cannot be produced by the heat pump has to be generated using a 
common boiler. The ESOM was modeled using the modeling framework TOP-Energy. Most of the runtime 
measurements have been done using a python reimplementation of the same model. The model was chosen, 
because the full unrelaxed solution to a of gap 0.1 percent with 8760 time steps can be obtained in a 
reasonable time (about 30 minutes). Other example models did not solve in hours, which made it hard to do 
lots of evaluations with them. The prove of optimality for this model would take more than 24 h and has 
therefore not been carried out. A scheme of the ESOM is shown in Figure. 8.  

 

Figure. 8. ESOM with photovoltaic and hydrogen storage for electricity and heat supply (Model C). 

The model contains two complicating constraints. One is the size of the hydrogen storage, and the other one 
is the peak power taken from the electric grid. The fuel cell has a minimum part load of 20 % and a nominal 
power of 600 kW. The heat pump has a characteristic curve that describes the part load behavior. The 
hydrogen storage has a characteristic curve that describes the investment cost function with an economy of 



scale effect. Both characteristic curves have three supporting points which result in three variables in the SOS2 
formulation.  

 

Figure. 9. Electricity prices based on EPEX spot prices from 2021. 

The electricity price was taken from the EPEX day-ahead auction in Germany in 2021 [27] and moved 8 months 
back to cover the time frame of the model which is from April 2020 until the end of march 2021 (to get a better 
charging and discharging regime of the seasonal storage).  

 

Figure. 10. Heat and electricity demand. 

The electricity demand was measured at an office building and scaled up by a factor of 10. The heat demand 
was generated from a temperature profile of Berlin. The electricity production of the photovoltaic system is 
calculated using solar irradiation data of Berlin for a typical year. These data are provided by the German 
Meteorological Service DWD. A study from 2020 [28] states a price of 0.6 €/kWh for a very big cavern storage 
of 26 GWh. To make the storage economical for the sake of the study, these prices were further reduced. The 
specific costs of the hydrogen storage were set to 0.3 €/kWh for small storages (up to 300 MWh) and 0.255 
€/kWh for bigger storages.  

4.1. Runtime for stage one 

The best available result for the complicating variables in stage 1 of model C was achieved by running the 
whole time frame (8760 steps) with binary variables and a gap of 0.1 %. This calculation took 1661 work units. 
Lower gap values took too long to calculate. This calculation results in 288 kW peak power for the grid 
connection and 569 MWh capacity of the hydrogen storage.  

Table. 1. Work units and errors of downsampled solutions in stage 1. 

Timesteps Work units Peak power Error Hydrogen storage Error 

1095  0.608 318 kW 10.4 % 554.92 MWh 2.5 % 
1460  0.844 261 kW 9.4 % 475.36 MWh  16.5 % 
2190  1.932 267 kW 7.3 % 492.49 MWh 13.5 % 
4380  7.664 272 kW  5.6 % 494.53 MWh 13.1 % 
8760  30.942 273 kW 5.2 % 490.47 MWh 13.8 % 

 



The table above shows the work units of certain levels of downsampling and the respective results for hydrogen 
storage size and peak power. The downsampled models do not contain any binary variables. All binaries are 
replaced by substitute formulations or relaxed. While the peak power is getting better with a higher number of 
time steps, the storage size gets worse. This is not reproducible for different setups, so we assume it is a 
random behavior. The target function value of the overall problem is 211,126 Euro, so the error of the peak 
power as well as the error of the hydrogen storage size led to errors in the peak power price and the hydrogen 
storage price close to 0.1 % of the target function value in a solution with gap 0.1 %.  

In this study, a downsampling rate of 4 was chosen for this example. Because the results from Table. 1 are 
not known beforehand, we start the investigation with a downsampling to 4-hour intervals. This seems to be a 
reasonable resolution to account for fluctuating renewable energies, and it led to acceptable calculation times 
in the other models as well.  

4.2. Adding binary steps in stage 2-5 

In the next stages, the violation of binary constraints is fixed by adding binary steps to the relaxed model. The 
results of the stages are shown in the table below. Although the solution time other than the work units may 
depend on other tasks on the same processor, solution times are given next to work units for reference. 

Table. 2. Complicating variable results of the first 7 stages of optimization. 

Stage Binary Steps Work Time Peak Power Error Hydrogen Storage Error 

1 0 1.93 1.51 s 267 kW 7.3 % 492.49 MWh 13.5 % 

2 137 5.12 4.37 s 265 kW 8.0 % 497.97 MWh 12.5 % 
3 204 5.86 4.82 s 261 kW 9.4 % 511.89 MWh 10.0 % 
4 220 4.13 3.90 s 259 kW 10.1 % 513.32 MWh 9.8 % 
5 239 4.54 4.99 s 267 kW 7.3 % 518.92 MWh 8.8 % 
6 250 3.66 4.22 s 267 kW 7.3 % 521.42 MWh 8.4 % 
7 250  Stage 7 not carried out (no change) 

 Result 2-6: 25.26 23.80 s 267 kW 7.3 % 521.42 MWh 8.4 % 

A peak power of 267 kW and a hydrogen storage size of 521,427 kWh is used for the last stage.  

4.3. Rolling horizon stage 

In the last stage, a rolling horizon of 84 time steps is used. Each frame is calculated using 96 unrelaxed time 
steps that are not downsampled and the rest of the year with a relaxed downsampling of 4. The first 84 time 
steps of each calculation are stored as results and fixed for the next frames. 103 calculations are needed to 
calculate the whole year. These 103 calculations take another 70 work units and 105 seconds. The sum of all 
stages took 95 work units and 129 seconds compared to 1661 work units and 1956 seconds for the full model. 

 

Figure. 11. State of charge of the full model compared to the result acquired by the methodology. 

The patterns of charging and discharging the hydrogen storage are similar between the unrelaxed solution 
based on 8760 time steps and the relaxed and downsampled solution. The grid consumption of electricity 
(which is not shown here) is also very similar. For this example, the methodology delivers a reasonable result, 
which fulfils the requirements. 



4.4 Sensitivity analysis 

One requirement for the methodology was the traceability of results. Therefore, we carry out a sensitivity 
analysis for the original solution and the relaxed and downsampled solution to see whether the dependency 
on peak power pricing and hydrogen storage price are similar.  

 

Figure. 12. Dependency of prices and peak power (r) and storage size (l). 

The figure above shows the dependency of the consumed peak power on the peak power price and the 
dependency of the hydrogen storage size on the specific price of the hydrogen storage. The figure shows that 
the general behavior of the correlation is the same, and the methodology represents the values quite good.  

5 Conclusions and future work 
The examples above show that a relaxation of binary variables combined with a reformulation of some 
constraints together with a downsampling of time steps is capable of replacing the original more complex 
formulation and producing good results for design variables and peak power prices. In a multi-stage approach 
adding binary steps back into the problem in later stages and then calculating a feasible solution using a 
relaxed rolling horizon approach, reasonable results for problems with all kinds of time-coupling could be 
calculated.  

The statements made here are tested against a small set of energy system models and should be investigated 
further. The fact that for some of the tested ESOMs the original solution is not known makes this evaluation a 
hard task.  

In future work it should be tested whether the solution can be improved even further when the final solution of 
the rolling horizon approach (which is feasible for the original problem) is used to warm start the solution of the 
original problem. Having this lower bound of the original problem has proven to have big advantages [26].  

Another way to improve the solution is to use a multivariate feature based segmentation [29] to reduce the 
number of time steps. This means removing steps from the input time series that change the time series as 
little as possible. An implementation based on the bottom-up approach from [25] was tried by the authors, but 
did not have a significant effect yet.  
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Abstract:
The energy system of residential buildings and their impact on the transition towards an emission-free energy
supply has been a focus in a wide range of studies over recent years. For the design of energy systems, a vari-
ety of methods are used, most commonly heuristic, mathematical optimization and metaheuristic approaches.
While the strengths and weaknesses of these methods are well known, knowledge about the discrepancy in
results produced for the design of energy systems is limited. Moreover, metaheuristics have rarely been uti-
lized in the field of household energy system planning. This leads to problems whenever findings from different
studies are compared and raises the question about the optimal choice of methodology under given circum-
stances. To approach this question, we examine the energy system of a residential building with two different
methods - a mathematical optimization and a metaheuristic optimization applied to the same MILP model. The
energy system model considers a PV system, a heat pump, a heat and a battery storage system as well as
a gas boiler. The layout and size of these components along with their operation are optimized. We compare
the results regarding the difference in layout and size of individual components, investment costs, operational
costs, CO2 emissions and computational performance of the methods. In this case study, the mathematical
optimization resulted in the best Pareto front. Using the metaheuristic approaches, it is possible to compute a
Pareto front in a considerably shorter time. However, the quality of the Pareto front is significantly worse.

Keywords:
Design Optimization, Energy System Planning, Metaheuristic, Mathematical Optimization, MILP, Residential
Building.

1. Introduction
The design and operational optimization of energy systems, considering renewable energies and the resulting
temporal resolution, is a complex mathematical problem. The complexity of such optimization problems in-
creases strongly with an increasing number of variables, local optima, and non-linearities, which also leads to
increasing computational effort [1]. In general, global optimization algorithms can be divided into two methods:
Deterministic methods also called mathematical optimization and probability-based methods referred to as
metaheuristic optimization. In the past energy systems and especially unit commitment problems were mostly
modeled as Linear Programming (LP) or Mixed Integer Linear Programming (MILP) optimization models [2]
and solved using mathematical optimization techniques such as the branch and cut algorithm. Today, various
metaheuristics are widely used to solve unit commitment problems [3] and are even predicted to become the
standard for design optimization problems in the near future [4, 5].
While mathematical optimization is guaranteed to find the global optimum of a feasible problem, the complexity
of global optimization problems can become so large that the global optimum cannot be found within a rea-
sonable time. [6, 7] Metaheuristic methods, on the other hand, can solve complicated models in a shorter time
frame, but do not guarantee the optimality of the results [8].
Since both solution techniques have their advantages, it is important to have a decision guide when to use
which technique. Nevertheless, there is little research on how metaheuristics compare to other solution tech-
niques such as mathematical optimization and heuristics in the field of energy system optimization. This paper
aims to make a start in filling this research gap by comparing the performance of two popular metaheuristics,
the Speed-constrained Multi-objective Particle Swarm Optimization (SMPSO) [9] and the Non-dominated Sort-
ing Genetic Algorithm II (NSGA II) [10], with the performance of classical mathematical optimization on a MILP
model for the design optimization of an energy system. The two selected metaheuristics are based on two
different approaches.The NSGA-II is based on the principle of survival of the fittest, i.e. inheritance, mutation
and selection of the best genes or, in this case, the decision variables. The SMPSO, on the other hand, is
based on the flocking behavior of birds and schools of fish, and takes into account the speed of the neighbor



as well as a random change in the speed parameter.
There is a significant amount of papers comparing different metaheuristic algorithms [11, 12, 13, 14] but only
a little research on how different solving techniques like metaheuristics, heuristics and classical mathematical
optimization perform compared to each other, especially regarding the differences in results.
In Suh et al. [15] it is shown that metaheuristics outperform the heuristic layout of professionals by far in terms
of finding the global optimum for this case study. Here, the layout refers to building decisions such as window
area, insulation thickness and light bulbs.
In Silveira et al. [16] five different metaheuristics are compared to MILP, MINLP and MISOCP with classi-
cal optimization. As a case study, three different configurations of distribution systems are considered. The
computational time of the metaheuristic optimization was significantly shorter than that of the mathematical op-
timization. For large problems, metaheuristics even found a better solution with regard to the objective function
than classical mathematical optimization.
Stojiljković et al. [6] and Schmeling et al. [17] use a combined approach where the optimization problem is
decomposed into two new problems. The main problem is the design optimization including synthesis, which
is solved by a metaheuristic. The subproblem is the operational optimization, which is formulated as a MILP
and solved by the brunch-and-cut method. The authors did not compare the results with solving the original
problem using the branch-and-cut algorithm directly on the design optimization problem. However, it is note-
worthy that the proposed approach has the potential for a comparison between metaheuristic algorithms and
mathematical optimization, since the same constraints can be used to model the individual components of the
power system.
In the following, we will compare the decomposed metaheuristic design optimization with a mathematical de-
sign optimization also referred to as structural optimization approach using MILP only.

The remaining sections of this paper are structured as follows: Section 2. provides an overview of the case
study used to compare the methods. Section 3. introduces the unit commitment model used for design
optimization and the corresponding metaheuristic approach. Section 4. presents and compares the results of
the case study. Finally, section 5. discusses the results and draws relevant conclusions.

2. Case Study: Residential building energy system
Decarbonizing the building stock is a major challenge. As most of the existing building heat demand is met by
fossil fuel-fired boilers, there is a high demand to find optimal solutions considering alternative technologies
that reduce local emissions at minimal cost. Therefore, in this study, a residential building is chosen to test
different approaches for designing energy systems as a problem with high practical relevance. A key strategy
for decarbonizing building energy systems is to switch from combustion-based towards electricity-based heat
supply combined with local electricity generation. Therefore, the design optimization of the energy system in
this study considers a gas boiler, an electric heat pump for heat generation combined with heat storage. Local
electricity can be provided by a photovoltaic system combined with battery storage. All components can be
considered as options for the optimization algorithm. Thus, not all components have to be part of the final
solution of the corresponding optimization problem. The full set of technology options and the possible energy
flows in the system are given in Figure 1.



Figure 1: Schematic representation of the residential building energy system

The energy prices used in the model are form 2021. The emission data and the energy prices are listed in
Table 1.

Table 1: Energy prices and CO2 emissions

Data type Costs CO2 Emissions
Electricity 0.337[C/kWh] [18, 19] 478 [g/kWh][20]

Gas 0.083 [C/kWh] [21, 22] 247 [g/kWh] [23]
PV feed-in tariff 0.073 [C/kWh] [24] -

The investment costs for the various components are listed in Table 2.

Table 2: Investment costs of the components

Component Cvar Cfix
Photovoltaics [25] 1260[C/kWp] 258 [C]
Heat pump [20] 426 [C/kW] 7072 [C]
Gasboiler[20] 445 [C/kW] 724 [C]

Heatstorage[26] 1000[C/kWh] 600 [C]
Battery (capacity)[27] 432 [C/kWh] 2130 [C]
Battery (inverter)[28] 150[C/kW] -

The demands are modeled by using the open source tool districtgenerator [29] released by E.ON Energy
Research Center, RWTH Aachen which is based on validated models from other research projects. It offers
the possibility to define residential districts by specifying archetype buildings and generating building-specific
energy demand profiles. The occupancy and corresponding electricity profiles are generated by a stochastic
model based on [30]. The occupancy data is used to model the heating demand by modeling the domestic
hot water consumption based on [31]. The space heating demand calculations are based on a 5R1C model
according to EN ISO 13790 [32], where the corresponding building parameters are given by TABULA archetype
buildings [33]. For this study a single building is defined. The building type is defined as a multi family house.
The construction year is set to 1990 and the retrofit state according to TABULA [33] is a assumed to be in
an usual refurbishment state. The reference floor area is defined as 778 m2. The location is set to Potsdam
(Germany) and the corresponding TRY dataset is used for the weather profiles.



3. Optimization models
In this section, the energy system model is described, starting with the unit commitment model for energy
system operation, which forms the basis for both mathematical optimization and metaheuristic approaches.
Next, the extensions to the unit commitment model necessary for design optimization are presented. Then, the
modifications made to the unit commitment model in order to use the model with the metaheuristic algorithms
are summarized. Finally, the metaheuristic method and the optimization setup are described.
3.1. Model for energy system operation
A mixed-integer linear unit commitment model is used as the base model for both the mathematical design
optimization and the metaheuristic optimization. The model is implemented using the energy system optimiza-
tion framework oemof. The household demand for electricity, heat, and hot water are modeled as sinks. The
gas and electricity grids are represented as sources. The PV generation profile is simulated using a PVLib [34]
model. For all other energy system components, we used the base class Transformer to write our own models.
These models are briefly described below:
Let T be the set of all time steps that are considered in the optimization.
All components are limited by a maximum power rating Pel/th,max , either electric power or heat. Except for the
heat pump and the gas boiler, all components are allowed to operate between 0 and this maximum power
rating.

0 ≤ Pel/th(t) ≤ Pel/th,max for all t ∈ T (1)

For the heat pump and the gas boiler a minimum part load MPL is set as a percentage of the maximum power
rating. To allow the output power to be zero, the binary variable Yop is introduced.

Yop(t) · MPL · Pel/th,max ≤ Pel/th(t) ≤ Pel/th,max for all t ∈ T (2)

The COP of the heat pump is modeled as ambient temperature dependent:

Pth(t) = Pel (t) · cop(T (t)) for all t ∈ T . (3)

The efficiencies of the boiler and the battery storage are modeled as constant. The storage level is limited by
a maximum storage capacity for both the battery and the thermal storage. The battery has no self-discharge,
while the thermal storage has both temperature-dependent and level-dependent losses, which are calculated
using the volume, the volumetric thermal transmittance and the density of the storage medium. The objective
function of the model is to minimize the operating costs of the energy system, consisting of fuel and electricity
costs for purchasing gas and electricity from the respective grid. Electricity produced by the PV system that
is not consumed but fed back into the grid is compensated by the respective feed-in tariff. CO2 emissions are
calculated using constant emission factors assigned to the consumption of gas and electricity from the grid.
3.2. Design optimization model for the mathematical optimization
To transform the unit commitment model into a design optimization model constraints regarding the sizing of
the components are added to the optimization problem. Additionally, the maximum power rating parameter
Pel/th,max of the unit commitment problem becomes a variable in the design optimization problem. To limit the
solution space the maximum power rating is limited by PMAX .

0 ≤ Pel/th,max ≤ PMAX (4)

In order to limit the solution space and thus the computation time, lower and upper bounds for the parameter
PMAX are introduced. The lower bound is set to zero and the upper bounds are determined by analyzing the
energy demand, such as the maximum required heat output. For the PV system, the available roof area is
used as the limit. When Pel/th,max is zero the component is not built.
In both storage models, not only the capacity but also the maximum electrical/thermal power is optimized. For
the battery, a power-to-energy ratio is implemented, to ensure a realistic battery layout. Furthermore, the total
charged energy is limited according to cycle and calendar lifetimes.

∑
t∈T

Pin(t) ≤ Capacity ·
Lifetimecycle

Lifetimecalender
(5)



We perform a multi-objective optimization with two objectives, the total annual cost of the system and the
annual CO2 emissions, to compute a Pareto front. For this purpose, the energy system is first optimized with
respect to costs only. Here the objective function is the systems total annual costs (TOTEX ).

TOTEXannual = CAPEXannual + OPEXannual . (6)

with OPEXannual the grid energy costs and maintenance costs for one year and CAPEXannual the investment
costs annualized over the lifetime of the technology. Since the relation between the size of a component and
its price is not linear, the CAPEX is calculated using a fixed Cfix and a variable Cvar price component.

CAPEX = Cfix + Pel/th,max · Cvar (7)

To build the Pareto front, an epsilon constraint is added to the optimization problem. This constraint limits the
total annual CO2 emissions of the system to x percent of the CO2 emitted in the cost optimal case.

CO2total ,annual ≤ CO2total ,annual ,costoptimal ·
x

100
(8)

In our case, x is decreased in steps of 2.5 starting at 100 (the cost optimal case) and stopping at 50 (a near
CO2 optimal case). No exclusively CO2 optimization is carried out.
3.3. Metaheuristic optimization
The optimization problem has been decomposed into two subproblems, as proposed in [17]. The selection
and sizing of the technologies here referred to as metaheuristic design optimization and the operational opti-
mization of the resulting energy system (cf. Figure 2). The design optimization passes a set of variables to the
operational optimization which returns the annual costs and emissions for each set of variables. Afterwards,
the metaheuristic design optimization selects a new set of variables according to the KPIs, here CO2 emis-
sions and TOTEX, and passes it back to the operation optimization. The process ends when the termination
criterion, here the computation time limit, is reached.

Figure 2: Two-level design optimization

The operation optimization is performed with the same unit commitment model described in 3.1.. The MILP
is solved with Gurobi using a branch-and-cut algorithm. The emissions during the operation are limited by an
emission factor to achieve comparable results to the MILP design optimization, which indirectly optimizes the
operation to meet the global emission limit.
The main problem of design optimization is solved by a metaheuristic algorithm. The algorithm can determine
the dimensions and capacity of the technologies and limit the emissions of the operation by an emission factor.
The upper and lower bounds are set exactly as described in 3.2.
Analogous to mathematical optimization, two objective functions are used for metaheuristic optimization: The
total annual costs and the total annual CO2 emissions.
The metaheuristic optimization is done with the python package jmetalpy which uses the java-based framework
jmetal.
3.4. Optimization Setup
In this section we give some insight into our setup and the software and settings we used. The calculations
were performed on a computer with an Intel(R) Xeon(R) W-1390P @ 3.50Ghz and 128 GB RAM.
The design optimization MILP is solved with Gurobi Optimizer version 9.1.1 using up to 16 threads. A mipgap
of 0.01 and a time limit of 6 hours per optimization is used. If the time limit is exceeded, the best solution and



the resulting mipgap are saved and the epsilon constraint method is continued.
The operation optimization MILP is solved with the same solver and solver settings except for the time limit,
which is set to 5 minutes. The metaheuristic design optimization uses the default settings of the respective
algorithms as presented in jmetalpy. In contrast to mathematical optimization, in metaheuristic optimization, it
is not clear whether the global optimum has been found. Therefore, a termination criterion is needed. In order
to be able to compare the results of the two methods, a time limit is set as the termination criterion. To make
the results of the metaheuristic optimization reproducible, the same random seed is used for all algorithms and
runs. All optimizations are computed for a whole year with a time resolution of one hour, i.e. 8760 time steps.

4. Results and Comparison
In this section, we analyze the results of the case study. We begin by examining the metadata of the algorithms
used, followed by a comparison of the Pareto fronts. We then take a closer look at the actual energy systems
built for the Pareto solutions.

Table 3 summarizes metadata such as the number of non-dominated solutions and the total computation time.
A time limit of 20.15 hours and 5 hours was implemented for the metaheuristic methods, as well as a vari-
ation of the population or swarm size of 10 and 100. It can be seen that the termination criterion was not
exactly met. Both NSGA-II and SMPSO exceeded the time limit. The population and swarm size appear to
have a direct influence on the time limit violation. It seems that the termination criterion is applied only after
the total generation has been computed. Mathematical optimization using the epsilon constraint produced 19
non-dominated solutions and two dominated solutions. The observed phenomenon is a direct consequence
of the results reported in the recent research [35], which concluded that the epsilon constraint approach fails
to accurately compute the true Pareto front. As a result, the use of lexicographic optimization is proposed to
compute the true Pareto front. The metaheuristic methods found significantly more non-dominated solutions
and total feasible solutions than mathematical optimization with the 20-hour time limit. Reducing the popula-
tion/swarm size resulted in more optimizations and feasible solutions for both algorithms. For NSGA-II, the
number of non-dominated solutions also increased significantly. For SMPSO, the number of non-dominated
solutions decreased from 48 to 46.

Table 3: Meta data of the optimization

Method MILP NSGA-II NSGA-II NSGA-II SMPSO SMPSO SMPSO
time limit [h] N/A 20.15 5 20.15 20.15 5 20.15
total time [h] 20.15 21.40 5.40 20.19 21.66 5.55 20.18

population/swarm size [-] N/A 100 100 10 100 100 10
generations [n] N/A 12 3 140 10 3 121

total optimizations [n] 22 1200 300 1400 1000 300 1210
time limit reached [n] 0 11 5 1 11 5 10

infeasible [n] 1 259 91 226 279 94 470
feasible [n] 21 930 204 1173 710 201 730

non-dominated solutions [n] 19 38 14 85 48 22 46

Figure 3 shows the Pareto front of the different design optimization methods. The mathematical optimization
Pareto front, hereafter referred to as the MILP Pareto front, is used as a reference in all subsequent figures.
The computation time of the methods in this figure is about 20.15 hours (see Table 3) and the population and
swarm size is set to 100. The solutions of the mathematical optimization for the case study lead to the best
Pareto front in both dimensions. This implies that the Pareto front contains the most cost-optimal and CO2
efficient Pareto points, in terms of all three algorithms. In this example, we observe that the SMPSO algorithm
outperforms the NSGA-II algorithm in terms of finding the cost-optimal solution. However, we found that the
NSGA-II algorithm was closer to the MILP front at the bending point of the Pareto curve. In other words,
NSGA-II comes closer to the ideal point in Figure 3 than SMPSO. On the other hand, the emission-optimal
point found by the SMPSO algorithm is more cost-optimal and has lower emissions than the one found by
the NSGA-II algorithm. The emission-optimal solutions found by the metaheuristic methods are much more
expensive than the emission-optimal solution of the MILP solution. In addition, the metaheuristic Pareto fronts
continue to separate from the MILP Pareto front as emissions decrease.



Figure 3: Pareto MILP, NSGA-II and SMPSO (20h time limit and population/swarm size of 100)

In Figure 4, the Pareto front of the MILP mathematical optimization from Figure 3 with a computation time of 20
hours is compared to the metaheuristic methods with a computation time of about 5 hours. The metaheuristic
solutions are now much further away from the MILP Pareto front. For the same CO2 emissions, the meta-
heuristics incur significantly higher total annual costs than the MILP Pareto solutions. This effect increases
significantly with decreasing CO2 emissions. The SMPSO, in contrast to the NSGA-II, found a point particu-
larly close to the MILP Pareto front. Compared to the NSGA-II, the SMPSO found the solution with the lowest
emissions and the solution with the lowest total annual cost.

Figure 4: Pareto MILP, NSGA-II and SMPSO (5h time limit and and population/swarm size of 100)

In Figure 5 the population/swarm parameter was set to 10. The time limit here is 20.15 hours, as in Figure
3. The Pareto fronts of the NSGA-II and the SMPSO are close. The Pareto front of NSGA-II covers a smaller
solution space than that of SMPSO. Compared to Figure 4, the Pareto front of the metaheuristics is much
smoother. The NSGA-II and SMPSO perform slightly better with a swarm/population size of 10 in the emission
optimal range. This could be due to the significantly higher number of generations. Compared to Figure 3, the
algorithms perform better in some parts of the Pareto front and worse in others.



Figure 5: Pareto MILP, NSGA-II and SMPSO (20h time limit and population/swarm size of 10)

Closer examination of the energy systems built for the Pareto optimal solutions for the 20h mathematical
optimization and the 20h metaheuristics with a population/swarm size of 100 reveals significant differences
between the mathematical optimization and the metaheuristics. Figure 6 show the components and their sizes
for all Pareto optimal results. The plots are sorted from cost optimality on the left to CO2 optimality on the right
.
Regarding the mathematical optimization, the capacity of the heat producers increases moderately across all
solutions, as shown in 6a. It is noteworthy that only in the cost-optimal case no heat pump is built. For the next
Pareto point, the gas boiler capacity decreases slightly and a heat pump is installed. Interestingly, the boiler
and heat pump capacities remain almost constant for ten Pareto points until a tipping point is reached where
no gas boiler is installed and the heat pump provides the whole heat demand.
Conversely, for both metaheuristics, a gas boiler is built for all Pareto optimal solutions.
For the NSGA-II algorithm, the gas boiler capacity initially decreases as emissions decrease, but then in-
creases significantly for the last eight CO2 optimal solutions, so that the gas boiler capacity for the cost-optimal
and emission-optimal cases are nearly equal.
On the other hand, for the SMPSO algorithm, the gas boiler size remains nearly constant for the more cost-
optimal Pareto points until a tipping point where only a very small gas boiler is built. But similar to the NSGA-II
algorithm, the gas boiler size increases again for more emission-optimal solutions.
When analyzing the operation of the boiler over the course of a year for the SMPSO and NSGA-II algorithms
for the emission-optimal solution, it can be observed that the boiler was rarely used, running only 54 hours
and 249 hours, respectively, throughout the year. The installation of the boiler despite its limited use can be
attributed to the absence of indirect emissions which are not included in this anaylsis. In fact, there are no
"investment emissions" for the components. Similar to the mathematical optimization, figures 6b and 6c show
that the heat pump size increases towards the CO2 optimal solutions. However, in contrast to the mathematical
optimization, the overall installed capacity of heat producers is higher for the metaheuristic algorithms.
Regarding the installed photovoltaic capacity, a constant growth along the Pareto front towards the CO2 optimal
solution is observed for both the mathematical optimization and the metaheuristics.
Despite an overall increase in storage capacity towards the CO2 optimal solution for all three algorithms,
significant differences in storage capacity are observed between the mathematical optimization and the meta-
heuristics.
The most notable difference is the approximately twofold increase in total storage capacity for the metaheuris-
tics compared to the mathematical optimization. In the mathematical optimization, only the thermal storage is
built in the cost-optimal case, and its size increases along the Pareto front until an additional battery is installed.
At this juncture, the size of the heat storage drops before increasing again. Furthermore, the size of the battery
increases steadily until the point where no gas boiler is installed. At this point, the size of the battery decreases
to zero before increasing again toward the emission-optimal solution.
Similarly, both metaheuristics build thermal storage for all Pareto points. The NSGA II algorithm maintains a
relatively constant heat storage capacity for most of the Pareto front. However, for more CO2 optimal cases,
the heat storage doubles in size. The battery size increases moderately toward the CO2 optimal solution until
a tipping point where the battery capacity increases dramatically to over 230 kWh.



(a) mathematical optimization (MILP)

(b) metaheuristic optimization (NSGA-II)

(c) metaheuristic optimization (SMPSO)

Figure 6: Energy systems from the pareto optimal results for different algorithms



In contrast to the NSGA-II algorithm, the heat storage capacity fluctuates significantly throughout the Pareto
front of the SMPSO algorithm, peaking in the middle. In addition, the SMPSO algorithm does not install a
battery until almost the middle of the Pareto front. Then the battery capacity increases steadily.
The higher costs associated with the emission-optimal solutions generated by the metaheuristics, as observed
in Figures 3-5, can be attributed to the substantially higher storage and producer capacities employed by
these algorithms. The reason for this could be that metaheuristics are severely penalized for choosing infea-
sible solutions or reaching the time limit in operations optimization. Therefore, the trained behavior of these
metaheuristics is biased toward quickly producing feasible solutions, which results in larger capacities. This is
probably the cause of the unexpected behavior of the metaheuristics in constructing a boiler for all solutions.
This behavior can be reduced by allowing a higher time limit for operations optimization and more time overall
for the computations, so that the metaheuristics can compute more generations.
Another notable characteristic of metaheuristics is the greater fluctuation in capacity sizing, as opposed to the
smoother trend observed in mathematical optimization. This fluctuation can be explained by the random nature
of the metaheuristics. This effect should be further investigated in future studies.

5. Conclusion
This paper compares two methods and their results for the design optimization of a residential building. A
multiobjective mathematical design optimization approach and a two-stage metaheuristic design optimization
approach using the metaheuristics SMPSO and NSGA-II were described, and the Pareto fronts and energy
system designs of the Pareto solutions generated by each algorithm were analyzed.
In our case study, the mathematical optimization resulted in the best Pareto front. However, it should be noted
that the calculation time was quite extensive at 20 hours. To reduce the computation time of the mathematical
design optimization, a larger step size of the epsilon constraint could be applied. This would reduce the number
of optimizations but at the same time the resolution of the Parteo front. Additionally, a lexicographic optimization
approach can be used to compute the real Pareto front, which could lead to more accurate and efficient results
and avoids caluating dominated solutions. Further research is needed to fully explore these possibilities and
improve the efficiency of the optimization process.
Furthermore, our study has shown that the choice of parameters such as swarm/population size has a strong
influence on the optimality of the results. Depending on the choice of metaheuristic parameters, either the
NSGA-II or the SMPSO performed better. Therefore our optimization results do not allow a conclusion which
of the two metaheuristic algorithms is better suited for the design optimization of residential buildings. In
addition, it was shown that it is possible to compute a Pareto front with the metaheuristic approaches in shorter
time frames, but this results in a significantly worse Pareto front compared to the MILP and 20 h metaheuristic
solutions. For this reasons, further studies are necessary.
As mentioned above, the parameter settings of metaheuristic algorithms have a large influence on the quality of
the results. For this reason, guidelines for the parameterization of metaheuristic design optimizations for energy
systems would be beneficial. In order to ensure the comparability of the results of the different methods, a time
limit was used as a stopping criterion in this study. However, when metaheruistic methods are used to obtain
results in practice, a termination criterion is needed that allows a statement to be made about the quality
of the solution or the convergence of the algorithm. Since one of the main advantages of metaheuristics is
their computational efficiency compared to mathematical optimization, it would be worthwhile to investigate
how solution-quality-oriented termination criteria such as the hypervolume could enhance performance. In
addition, a warm start, i.e. the implementation of coherent start variables such as a standard desgin according
to DIN norms, could make the solution process more efficient and robust. The factor that metaheuristics are not
limited to MILP problems, like mathematical optimization, but can also be used with Non Linear Programming
or simulation was not considered in this study. Hence it would be interesting to investigate a single-stage
metaheuristic optimization instead of the two-stage approach used in this paper.
Lastly, additional case studies involving more complex energy systems and a wider range of scenarios are
required to develop a reliable guideline for selecting an appropriate design optimization method.
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Abstract: 

The renovation of buildings in urban areas has become an urgent need for public authorities to reduce 
energy consumption and comply with the Paris Agreement’s objectives. The potential for energy 
consumption reduction through renovation is especially high in old European cities considering that in 
average 70% of the buildings were built before 1981. This paper presents the work realised within the Charl-
e-district project, which addresses the renovation of public buildings through a new approach combining 
numerical simulations and optimisations. The objective is to develop a tool to help public authorities in 
decision-making regarding refurbishment of public buildings (measure, intensity, building selection, expected 
benefits). Firstly, a numerical building model is constructed using OpenStudio/EnergyPlus and calibrated 
using monitored data. Secondly, renovation scenarios are defined depending on the complexity and costs of 
implementation. A set of optimizations is then run to determine the values of parameters that will allow the 
maximum reduction in energy consumption. The novelty of this methodology is the top-down approach, 
indeed the sets of renovation measures to be investigated are known, the values of the parameters of 
interest are to be determined. The results are visualised in the METRON platform, with comprehensive 
modules and user-friendly dashboards that allow dynamic comparisons with monitored data and KPIs for 
renovation scenarios. 

Keywords: 

Building Energy Model; Optimisation; Renovation scenarios, Energy monitoring platform. 

1. Introduction 
The importance of the building stock in the global energy consumption is well-known internationally and the 
urge to reduce the energy consumption of buildings is commonly shared. To do so, several ways are 
available: build energy performant buildings, ensure an appropriate maintenance of buildings energy 
production and distribution systems and renovate existing buildings [1]. On the one hand considering that 
most of the buildings that will be in use by 2050 are already built and on the other hand considering that in 
old European cities in average 70% of the buildings were built before 1981 [2], the renovation of existing 
non-performant building is capital to reach the objectives of energy consumption reduction and CO2 
emissions reductions in the building sector [3-5]. The Charl-e-district project consists in evaluating various 
renovation strategies of public buildings of the city of Charleroi, Belgium, to raise awareness of public 
authorities regarding their building assets and help in the decision-making process by providing insights 
regarding the potential and the impact of renovation measures (to improve their energy performance and 
indoor comfort, to reduce their carbon footprint and operation costs). This paper presents the work carried 
out within the framework of the Charl-e-district project for the evaluation of renovation scenarios of one 
public building.  

As thermal renovation of buildings is not a new area of research, several methodologies and tools are 
available to evaluate the renovation potential of buildings. These tools are usually made for a quick 
estimation of renovation possibilities based on a few characteristics of the energy demand [6-8]. In such 
tools, the lack of details in the demand evaluation and building thermal characteristics lead to generic 
solutions. In [9] the authors developed a methodology based on Life Cycle Analysis to find optimal retrofitting 
solutions to introduce sustainability criteria in the evaluation and provide more insights. Several literature 
reviews on methodologies for building refurbishment have been carried out, considering different approaches 



of classification. Today the common statement highlighted in all the literature reviews is the lack of a 
common evaluation framework, leading to the assessment of common renovation packages, but various 
results, interpretation, and considerations. In [10] the authors present a literature review of methodologies to 
evaluate renovation measures, categorized by building type and renovation packages, showing the 
difficulties in the decision-making process to pick the appropriate tool or evaluation method. In [11] the 
authors make a scientific and ‘grey’ literature review of challenges of the built environment and building 
renovations and conclude on the wide variety of tools, approaches and methodologies, but underline that 
there is no holistic or systematic approach to evaluate renovation potentials.  Additionally, methodologies for 
assessment of building renovation measures are usually applied to residential buildings, and by 
consequence are not directly transferable to tertiary public buildings, because of their different energy 
behaviours (in terms of energy demand, building usage and potential for energy production). Based on these 
considerations, a new methodology using a detailed building numerical model and advanced optimisation 
methods, is developed for public buildings, providing very specific results to help the public authorities in 
developing their renovation plan at building scale. This methodology using a top-down approach, is 
developed and applied to a detailed multi-zone numerical building model after it is calibrated with real 
measured data. Packages of renovation measures are defined in 3 scenarios and the building model 
parameters related to the renovation measures are optimised with the objective to minimize the gas 
consumption. The results of the optimisations give the values of parameters of interest that will allow to 
reach the lowest gas consumption taking into account electricity consumption and thermal comfort 
constraints, to ensure the satisfaction of occupants needs. Through this top-down methodology, the 
renovation measures are sized to the studied building in terms of type and intensity of renovation. 

2. Building case description 
The building studied in this paper is a public school located in Charleroi, Belgium which host 1200 students. 
This building of 3 130m2 has 3 floors above ground and 2 underground floors. A gas boiler of 240kW 
supplies heat to the building, which has an annual consumption of approximately 560 633.76kWh of gas and 
41 414.99kWh of electricity. As it is a public school and no domestic hot water (DHW) measured data are 
available, the DHW is not included in the study. The building was built in 1963 and no data were available 
regarding possible renovations. 

3. Methodology for development and calibration of building model 
The building iss modelled in two steps, first the 3D geometry along with the neighbouring shading surfaces 
are created from scratch in SketchUp, as illustrated in Figure 1, based on 2D architect plans and visual 
checks on the building. Then the building energy model is developed with 31 thermal zones, using the 
OpenStudio software, and thermal characteristics are added based on technical data, typical values, etc. 
The EnergyPlus calculation engine is used through the OpenStudio interface to simulate the energy 
behaviour of the building. 

 

Figure. 1.  3D sketch of the studied building. 

In this paper the objective of the study at building scale is to evaluate different renovation scenarios using 
dynamic Building Energy Simulation (BES). Therefore, the building model must be calibrated to provide 
relevant results. The building model is manually calibrated based on monitoring data, typically the gas 



consumption measured by the gas meter and available through the METRON energy monitoring platform 
used by the city of Charleroi [12]. Based on previous experience [13] and literature review [14-16], key 
parameters are chosen, see Table 1, to be adjusted until the model is able to reproduce well enough the 
energy behaviour of the real building. 

 

Table 1.  Building’s parameters to be adjusted to calibrate the model. 

Type of parameter Parameters 

Building use Building equipment schedule 
Building occupancy schedule 
Electrical loads 

Heat 
production/distribution 

Boiler capacity 
Boiler efficiency 
Heating setpoint temperature 
Pump motor efficiency 
Rated pump head 
Operating temperatures 

 

The quality of the calibrated model is then evaluated by two statistical indices, often used as a pair to 
analyse the goodness-to-fit of Building Energy Model (BEM) i.e., NMBE (Normalized Mean Bias Error) and 
Cv(RMSE) (Coefficient of variation of the Root Mean Square Error). The definition of these statistical indices 
is given by the equations Eq. (1), Eq. (2) and Eq. (3). The NMBE measures the distance between simulated 
and monitored data, the closer it is to zero, the better the model represents the behaviour of the real building. 
For a monthly calibration of BEMs, the ASHRAE Guidelines 14-2002 [17] recommend: NMBE < 5% and 
Cv(RMSE) < 15%. 
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Where: 

▪ Mi is the measured value of ith point 

▪ Si is simulated value corresponding to the ith point. 

▪ N is the number of measured points 
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The results of the calibration evaluations are shown in Table 2, and the model results are illustrated in Figure 
2 for the gas consumption and Figure 3 for the electricity consumption. Considering that the energy 
consumption presents both missing data and important variations from one year to the next one, especially 
during the covid years, several years of monthly gas and electricity consumption data are used to adjust the 
model parameters values and evaluate the precision of the model’s responses (gas and electricity 
consumption). The so-called Reference year (“Ref” in this paper) is a virtual monthly profile generated based 
on the average monthly data available. Both indicators are calculated for 3 years and a reference year. 
Considering the values of NMBE and Cv(RMSE) correspond to the Guidelines criteria, (values highlighted in 
Table 2), the model is considered as calibrated. 

Table 2.  Values of NMBE et Cv(RMSE) indices after calibration using several years of monthly gas and 
electricity consumption data. 

  2019 2020 2021 Ref 

Elec NMBE (%) 6.77 23.35 -16.49 -2.41 
 RMSE 569.78 1062.40 810.32 334.40 
 CV(RMSE) 16.51 30.78 23.48 9.69 
Gas NMBE (%) -0.56 11.10 -10.83 -3.71 
 RMSE 5822.09 12056.96 8164.90 3587.85 
 CV(RMSE) 12.46 25.81 17.48 7.68 

 



 

Figure. 2.  Comparison between measured data and model results for gas consumption after calibration. 

 

Figure. 3.  Comparison between measured data and model results for electricity consumption after 
calibration. 

3. Methodology for renovation scenarios study 
The objective of the model calibration is to have a model detailed and reliable to perform renovation 
scenarios and evaluate the impact of the proposed renovation measures on the model responses (gas and 
electricity consumption). Different renovation measures are proposed within 3 scenarios, as presented in 
Table 3, depending on the complexity and costs of implementation. Indeed Scenario 1 (SC1) does not 
require any renovation works, only an improvement in the regulation of systems, while Scenario 2 (SC2) 
implies an adjustment of the regulation and deep renovation works, such as adding new material as 
insulation into walls, roofs and floors of the building. Scenario 3 (SC3) proposes to add the replacement of 
the gas boiler and pumps to all the previous measures. The model parameters corresponding to the 
renovation measures are identified with their variation ranges and a set of optimizations is run to optimise the 
values of these parameters and by doing so, allow the maximum reduction in energy consumption. In SC3, 
the measures of SC1 are applied except the “Improved boiler regulation measures”, because these 
regulations are linearly linked to the “Replacement of boiler” measures. To avoid losing in thermal comfort, 
the ranges of variation of the relative humidity and the temperature in the constraints used in the 
optimizations are the same as the initial ranges calculated as simulation results in the Base Scenario (Base 
SC).  

 

 

 

 

 



Table 3.  Description of renovations scenarios. 

 Measures Building parameters in 
EnergyPlus 

Min 
value 

Max 
value 

ref value 
(Base 
SC) 

Unit 

SC1 Setpoint temperatures 
reduction 

Setpoint temperatures 
20 24 24 °C 

 Improved boiler 
regulation 

Boiler operating temperatures 
85 120 110 °C 

 
 

Distribution system 
temperatures (at heat 
exchangers and radiants) 

85 115 110 °C 

SC2 SC1 Measures           
 Renovation of insulation Wall Insulation : Thickness 0.0566 0.25 0.0566 m 
  Wall Insulation : Conductivity 0.035 0.05 0.0432 W/(m.K) 
  Roof Insulation : Thickness 0.05 0.3 0.05 m 
  Roof Insulation : Conductivity 0.035 0.05 0.049 W/(m.K) 
  Floor Insulation : Thickness 0.00001 0.3 0.00001 m 
  Floor Insulation : Conductivity 0.022 0.04 0.035 W/(m.K) 
 Replacement of 

windows  Thickness 
0.003 0.24 0.003 m 

  Conductivity 0.0195 0.672 0.0195 W/(m.K) 
SC3 SC1 Measures           
 SC2 Measures           
 Replacement of boiler Nominal Thermal Efficiency 0.55 1 0.55 - 
 

 
Water Outlet Upper 
Temperature Limit 

55 120 120 °C 

 Replacement of pumps Rated pump head 7000 17000 7000 Pa 

 

The objective function for all the sets of optimisations is as in Eq. (4) 

f  =   ∑ 𝐶𝑖
𝑔𝑎𝑠𝑁

𝑖=1             (4) 

Where 𝐶𝑖
𝑔𝑎𝑠

is the gas consumption of ith day over a total number of N days. The constraints considered in all 

Scenarios are described in equations Eq. (5), Eq. (6) and Eq. (7). These constraints are related to electricity 
consumption (to avoid that the model compensates the reduction of heat gains by extra electricity 
consumption of appliances) and to thermal comfort of occupants (in terms of humidity and temperature). 

𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 𝑎            (5) 

15% < 𝑅𝐻 < 85%            (6) 

24 < 𝑇 < 31             (7) 

Where 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶
𝐸𝑙𝑒𝑐   and 𝐶𝑆𝐶

𝐸𝑙𝑒𝑐are respectively the annual electricity consumption of the Base Scenario and the 

current Scenario, 𝑎 is a coefficient equal to 1.015 (to simulate a slight increase of 1.5%) for Opti and 0.845 
for Opti_2 et Opti_3 (to simulate a decrease of 15.5%). 𝑅𝐻  and 𝑇  are the relative humidity and the 
temperature in each thermal zone at each time step. The different sets of optimisations and their related 
constraints are summarized in Table 4. 

To optimise the parameters values in Scenario 3, only one set of optimisations that consider all constraints, 
is run. Indeed, Scenario 3 considers the same parameters as Scenario 2 plus extra parameters to be 
optimised. As the optimisation results of Scenario 2 show the importance of all the constraints (including the 
thermal comfort constraints) to optimise the parameters, it was chosen to run the optimisation for Scenario 3, 
using only one set of optimisations that consider all constraints. 

The optimisations are performed using Cenaero’s in-house multi-disciplinary optimization tool, Minamo, 
which uses a Surrogate Based Optimization (SBO) approach and relies on a genetic algorithm. A brief 
explanation is given in the following, but for further details about the Minamo tool and the use of SBO 
optimisation see [18]. The surrogate model used by Minamo for this study is the Tuned RBF model (Tuned 
Radial Basis Function), for more details about Minamo’s surrogate models, see [19-20]. 

For each scenario, the first step while using the Minamo tool is to generate and evaluate a Design of 
Experiments (DoE). The DoE is a randomly generating set of points (each point (or individual) represents a 
set of optimization parameters or variables) sufficiently well distributed in the design space, illustrated by the 
blue circles on the Figure 4, Figure 5 and Figure7. Based on the evaluation of output results of the DoE, a 
surrogate model is built, it will allow to evaluate the objective function and constraints at low computational 
cost. Then the optimisations are run using the surrogate model to determine the optimum values of 
parameters that minimize the gas consumption (objective function). 



Table 4.  Constraints for the sets of optimisations of all Scenarios. 

 Optimisation set 1 Optimisation set 2 Optimisation set 3 
 ID Constraints ID Constraints ID Constraints 

SC
1 

Opti 𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 1.015 Opti_2 𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 0.845 Opti_c
ont. 

𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 0.845 

      15% < 𝑅𝐻 < 85% 

 

      24 < 𝑇 < 31 

       
SC
2 

Opti 𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 1.015 Opti_2 𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 0.845 Opti_3 𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 0.845 

      15% < 𝑅𝐻 < 85% 

 
      24 < 𝑇 < 31 

       
SC
3 

-  -  Opti 𝐶𝑆𝐶
𝐸𝑙𝑒𝑐 ≤ 𝐶𝐵𝑎𝑠𝑒 𝑆𝐶

𝐸𝑙𝑒𝑐 × 0.845 

      15% < 𝑅𝐻 < 85% 

 
      24 < 𝑇 < 31 

 

3. Results analysis 
Figure 4, Figure 5 and Figure 7 illustrate the set of values for the annual gas consumption after the DoE and 
different optimisations. Each dot of the graphs represents an experiment, in other words a set of parameters 
values from which the model responses are calculated. For each set of optimisations, various graphs are 
generated to interpretate the results, typically the responses and parameters vs the experiments. In the 
following, only the most relevant graphs are shown. 

For Scenario 1, the first set of optimisations (Opti) gives better results than the later ones, in terms of annual 
gas consumption and at the same time these first optimisations respect the thermal comfort conditions 
(without imposing them as constraints). When the electricity constraint become stricter (Opti_2) and when 
comfort constraints are added (Opti_cont.), the gas consumption results from Opti to Opti_cont. increase of 
around 72% (from 325MWh to 560MWh). That is why the optimum parameters values belong to the first set 
of optimisations (Opti, orange dots on Figure 4). For Scenario 2, the first and second sets of optimisations 
give a lower gas consumption than the third set of optimisations, as illustrated by Figure 5, but for these two 
first sets the maximum comfort temperature constraint is not respected (between 40°C and 47°C) as 
illustrated by Figure 6, while for the third set of optimisations, the maximum temperature is between 30°C 
and 32.5°C, which is an acceptable range. For this scenario, the optimum parameters values belong to the 
Opti_3 set of optimisations. The DoE and optimisation results of Scenario 3 are illustrated by Figure 7. For 
this scenario, the results from the different runs of experiments converge rapidly to the optimum parameters 
values (the orange dots reach a value close to 100 000kWh from the 5th experiment). 

 

Figure. 4.  DoE and optimisations results for Scenario 1. 



 

Figure. 5.  DoE and optimisations results for Scenario 2. 

 

Figure. 6.  Evolution of maximum temperature in the building for the DoE and different sets of optimisations 
for Scenario 2. 

 

Figure. 7.  DoE and optimisations results for Scenario 3. 

 

The optimum values of the evaluated building parameters and the model responses are presented in Table 5 
and illustrated by Figure 8. The optimum parameters values for SC1 indicate a reduction of all temperatures 
except the radiant temperature, while in the other scenarios all temperatures are reduced. For all scenarios, 
the optimum value of heating setpoint temperature is (or is close to) the lower boundary of the variation 
range of that parameter (20°C). A variance analysis (ANOVA), based on the decomposition of the variance 
of a function, [21-22], is carried out after the optimisations and shows that the setpoint temperature is by far 
(more than 50%) the most influencing parameter for the gas consumption. The results of this ANOVA are not 
shown in this paper because of the limited number of pages. The optimum values of thickness parameters 
for SC2 and SC3 are close to the upper boundaries of the variation ranges while the conductivity parameters 
are chosen by the optimizer around the mid-value of their variation ranges. 



Table 5.  Optimum values of parameters and model responses for all scenarios. 

Parameters 
Base 
SC 

SC1 SC2 SC3 

SETPOINT_REDUCTION 24 20 20.3 20 
SETPOINT_SUPPLY_BOILER 110 104.2 102.7 - 
SETPOINT_HX_RADIANTS 110 98.7 107.5 - 
RADIANT_TEMPERATURE 110 115 107.5 - 
WALL_INSULATION_THICKNESS (m) 0.0566 - 0.24 0.242 
WALL_INSULATION_CONDUCTIVITY (W/mK) 0.0432 - 0.04 0.036 
FLOOR_INSULATION_THICKNESS (m)  0.00001 - 0.217 0.3 
FLOOR_INSULATION_CONDUCTIVITY (W/mK) 0.035 - 0.03 0.037 
ROOF_INSULATION_THICKNESS (m) 0.05 - 0.216 0.197 
ROOF_INSULATION_CONDUCTIVITY (W/mK)  0.049 - 0.043 0.037 
DVITRAGE_INSULATION_THICKNESS (m) 0.003 - 0.1 0.089 
DVITRAGE_INSULATION_CONDUCTIVITY (W/mK) 0.0195 - 0.497 0.437 
BOILER_ETA  0.55 -  1 
OUTLET_TEMP_LIMIT (°C) 120 -  90.7 
SERVICE_PUMP_HEAD (Pa)  7000 -  7842.9 
PLANT_PUMP_HEAD (Pa) 7000 -   7000 

Responses     

ANNUAL_GAS_CONSUMP (kWh) 560.633 324.727 185.532 96.503 
ANNUAL_ELEC_CONSUMP (kWh) 41.415 33.972 33.511 34.346 
MINIMUM_HUMIDITY (%) 15.00 19.31 19.19 19.33 
MAXIMUM_HUMIDITY (%) 85.00 84.40 79.62 79.62 
MINIMUM_TEMPERATURE (°C) 24.00 20.00 20.26 20.00 
MAXIMUM_TEMPERATURE (°C) 31.00 29.65 30.87 30.91 

 

SC3 which proposes a replacement of the boiler, gives an optimum efficiency value of 1, which is relevant for 
the installation of a condensing boiler (this type of boilers generally presents efficiencies around 110%). The 
optimum values for rated pumps heads are surprisingly low considering the initial variation range, which 
would basically mean that there is no need to replace the pumps because the other measures are sufficient 
to decrease the total heat demand and the operating boiler temperatures, and consequently the gas 
consumption (objective function).  

When analysing the simulation results for the optimum parameter values, one can clearly notice the 
decrease in gas consumption from one scenario to another. Indeed, in SC1 the annual gas consumption 
decreases of 42% compared to the Base SC, while this decrease is steeper in SC2 (-67%) and SC3 (-83%). 
As the electricity consumption is not part of the objective function for the optimisation, but part of a 
constraint, the reduction of electricity consumption is noticeable but not very different between the scenarios, 
it ranges between -17% for SC3 to -19% for SC2 compared to the Base SC. From SC1 to SC3, the 
maximum and minimum relative humidities are closer to the constraints limits, but tend to get respectively 
lower and higher than their maximum and minimum limits. The maximum and minimum temperatures are 
respectively around 4°C lower and 0.5°C lower than Base SC. The results from the simulations of the 
building model with the optimum values give maximum and minimum temperatures very close between all 
the scenarios (around 30°C and 20°C). 

The results from the simulation runs with the optimum parameters values are pushed into the METRON 
energy platform database and visible through various comprehensive modules, named widgets, and user-
friendly dashboards developed in the platform itself. The objective is to allow users, here public authorities, 
to visualize quickly the indicators calculated for each scenario and compare the KPIs of the different 
scenarios with monitored data, in order to understand better the current situation and the renovation potential 
and possibilities. The simplicity of the visualisation that allows dynamic comparisons together with the 
corresponding database if further analyses are required, give to this approach a powerful weight in decision-
making processes. Examples of widgets are given by Figure 9 and Figure 10 to compare the scenarios in 
terms of monthly gas consumption, CO2 emission reductions and evolution of temperature throughout the 
year in one typical thermal zone (classroom) of the building. Other widgets are available on the platform, to 
visualise KPIs such as savings in gas consumption (economic indicator) or humidity heatmaps (thermal 
comfort indicator). 

 

 



 

Figure. 8.  Simulation results from optimum values of parameters for all Scenarios. 

 

 

 

 

Figure. 9.  Histogram widget in the METRON energy platform. Comparison of gas consumption between the 
measured data and the different results from optimum scenarios. 

 



  

Figure. 10.  Gauges widgets in the METRON energy platform. Comparison of CO2 emission 
reductions and temperature heatmaps in one typical thermal zone (classroom) between the different results 

from optimum scenarios. 

 

3. Discussions and perspectives  
To be useful and relevant, the results of the optimisations must be taken with hindsight. The optimum 
parameters are identified through advanced calculations and correspond to perfectly optimised systems. 
SC1 proposes the easiest measures to implement, because they do not require any work, only a new setup 
of the building setpoint temperature and a new setup of the regulation. Considering the uncertainties due to 
the assumptions made in the modelling (geometrical and technical assumptions) and the calibration steps 
(interpolation of measurements), one should expect some differences between the model results and the 
real gas consumption if the new setups are tested, however this scenario is in any case recommended for 
implementation insofar as it results in more than one third of gas consumption reduction compared to the 
Base SC. It is important to note that the renovation measures resulting from SC2 and SC3, correspond to 
deep renovation in real-life implementation (improvement of insulation, replacement of windows, boiler and 
pumps, etc.) and are implemented at building scale (all the walls are renovated, all the windows are 
replaced, etc.), which explains why the reduction of gas consumption decreases drastically for each 
scenario, to reach -83% with SC3 compared to the Base SC. In real-life implementation, such deep 
renovation is extremely costly and it is most probable that the renovation measures regarding the 
improvement of insulation would not be made for all building’s walls, but only on the less exposed façades 
and the walls that present the most heat losses. For a more complete renovation study, it would be 
interesting to precise the renovation scenarios with measures that would consider partial building envelop 
renovation and evaluate the potential and interest of implementation of greener solutions, such as air-
sourced heat pumps or the connection to the local district heating network. Further exploitation of results 
through economic analyses would also be an added value to help public authorities in the decision-making 
process. 

4. Conclusions 
This paper presents a new top-down approach to evaluate various renovation strategy, in terms of type and 
intensity of renovation measures, for a public building of the city of Charleroi, Belgium. In a first step, a 
numerical building model is developed and calibrated based on real gas consumption measurements, before 
being studied through 3 renovation scenarios for which the main parameters related to the renovation 
measures are optimised using a Surrogate Based Optimisation approach. The optimisations are carried out 
using Minamo, the Cenaero’s in-house multi-disciplinary optimisation tool. The results of different 
optimisations of the parameters within the studied scenarios give combinations of values that ensure in 
general the same quality of thermal comfort (indoor temperature and humidity) and lead to similar results in 
terms of electricity consumption. The main difference in the scenarios results lies in the gas consumption 
reduction, which varies greatly from one scenario to another. Considering the investment costs and the 
complexity of implementation of the measures proposed in the scenarios (increasing from SC1 to SC3), the 
public authorities would have to consider other indicators such as investment costs, payback time, energy 
savings over time, urgency to reach objectives of CO2 emission reductions, etc. to choose a renovation 
strategy and how deep they want to implement the different measures.  

A follow-up study is being carried out at district level, to evaluate the benefits of the connection of public 
buildings to the district heating network, with scenarios varying in terms of buildings number and renovation 
levels of connected buildings. The work detailed in this paper will serve as input to the district approach to 
facilitate the definition of building typologies and calibrate a district model using an Urban Building Energy 
Modelling (UBEM) tool. The objective is again to help the public authorities in decision-making regarding the 



interests of renovation of public buildings together with / or the extension of the existing district heating 
network. 
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Abstract:
This paper presents a method to find the optimal topology, pipe sizing, and operational parameters of a district
heating system under consideration of one design point. The current high costs of district heating systems
set limits regarding the minimum heat demand density required for economic network expansions. Optimized
routing with ideal pipe sizing and optimal operating parameters offers a potential for cost reduction. With a lower
network temperature, the consideration of nonlinear transport phenomena within the district heating network
becomes increasingly important. Therefore, a new nonlinear optimization method is introduced, where graph
preprocessing reduces the computational effort of the subsequent nonlinear optimization. A cost penalization
method, using a smooth approximation of a Heaviside function is applied to pipe investment costs to account for
discrete piping diameters. To guarantee fast convergence of the optimization algorithm, the Jacobian matrixes
are calculated and the problem is solved with an interior point algorithm. As a proof of concept, the district
heating system for a small fictional town with 42 consumers is optimized and analyzed. The whole nonlinear
optimization is performed in 19.37 sec and in most cases discrete or near discrete diameters are achieved in a
nonlinear continuous optimization.
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1. Introduction
District heating systems can play a key role in a socially accepted, economic transformation towards a renew-
able energy system due to numerous advantages over a building-specific heat supply [1]. Currently, the high
total costs of district heating systems usually require a high heat demand density for economic network expan-
sions [2], as until recently there was very strong competition in the form of cheap individual heating from oil
and gas. In addition, long amortization periods frequently prevent expansions from being economically feasible
without subsidies. One possibility to reduce investment costs of district heating networks is a detailed nonlin-
ear topology optimization, allowing optimized routing with ideal pipe sizing, as well as optimized operating
parameters. Especially in less urbanized or rural areas, an untapped potential of environmentally friendly heat
supply could be exploited [3]. In urban areas, [4] shows that an integration of industrial waste heat into district
heating systems could further improve the potential of these systems. In the next section, different optimization
techniques for district heating systems are explained in the following order: Mixed-integer linear programming
(MILP), mixed-integer nonlinear programming (MINLP), heuristics, and adjoint-based optimization.
The discrete nature of network expansions and commercially available pipe diameters often leads to a mixed-
integer programming formulation. [5] shows that most publications on district heating topology optimization
are using MILP. In [6], mixed-integer linear programming is used to solve this structural optimization for a
district cooling system. In [7], a similar MILP approach is used to perform a topology optimization of a single-
commodity flow network. The optimization is reduced to a power flow in the network, neglecting e.g. mixing
effects at junctions. Pressure dependencies are omitted. Different supply technologies, operational parameters
and network topology are optimized in [8]. Heat losses are considered by calculating the enthalpy loss in a pipe
with an average heat loss per unit length and pipe. Pressure losses in pipes were considered by linearizing the
Haaland equation. Similar MILP formulations can be found in [9, 10]. In [11], a method is presented to create
network topologies based on Geographic Information System data. In a second step, pressure losses are
estimated in the network at the heat demand’s peak load, and the pipe diameters are sized accordingly. [12]
improved the method presented in [7] by calculating a maximal linear power flow with the help of a linearization
based on a specific pressure loss and commercially available pipe diameters. [13] further improves on [12]
by reducing the number of binary variables used in the optimization problem formulation. However, all these
methods are not able to depict the nonlinear effects of district heating networks. Flow patterns in systems with



multiple spatial distributed producers, mixing temperatures at junctions or loops, can hardly be linearized while
respecting the physical interrelations.
To combat these problems, mixed-integer nonlinear programming is used more frequently in recent publica-
tions. In [14], an MINLP is proposed to solve an operational-based optimal scheduling strategy to minimize the
daily operational cost of an energy station with a heating and cooling demand, as well as storage. However, the
distribution of the heat by a district heating network is neglected. The commercial MINLP solver DICOPT within
GAMS is used in [15] to solve a nonlinear and discrete representation of a steady-state district heating system.
In [16], the same method is used in a small-scale district heating system with 19 consumers. Moreover, the
nonlinear effects of energy, as well as momentum conservation, are considered and solved with commercial
solvers in [17, 18]. However, due to the nonlinear equations and the discrete nature of some variables, these
methods are limited to a few consumers. [19] shows, solving the full MINLP leads to an exponential scaling of
computational costs with network size during the discrete topology optimization.
Another method for solving district heating optimization problems is the use of heuristic optimization ap-
proaches. These procedures may provide a sufficiently good solution to an optimization problem while not
always guaranteeing a local or global optimum. This becomes especially difficult with scaling dimensions of
the problem. A commonly used heuristic approach are nature-inspired algorithms like the ant colony optimiza-
tion or the genetic algorithm. In [20], the ant colony optimization was used to minimize fuel consumption while
modelling a nonlinear gas flow. A parallel ant colony system algorithm is used in [21] to find a cost-optimal route
between one producer and one consumer while neglecting the nonlinear effects of pressure or temperature
dependencies, only considering investment costs of piping influenced by the surface condition. Similar in [22],
the genetic algorithm is used to optimize a single long-distance heat transport system considering hydraulic
and thermal nonlinear aspects. The genetic algorithm is used in [18] to optimize the district heating network
topology and pipe diameters of a small network with ten heat consumers. Meanwhile, in [23], a hybrid strategy
with a genetic algorithm and MILP is used to minimize the fuel costs of different heat producers. In [24], a
methodology focusing on the optimal sizing of pipe diameters using a genetic algorithm to generate a set of
Pareto-optimal sizing choices is presented.
The last presented optimization method is adjoint optimization. In [25], the adjoint method is used to opti-
mize robust hydraulic district heating systems while neglecting thermal aspects within the network. Another
adjoint method is presented in [26] that optimizes simultaneously the district heating topology and operational
parameters of a district heating system. The method is further expanded in [27] and applied to a district of 160
consumers. The discrete optimization problem is transformed into a continuous optimization problem by using
Heaviside functions. Moreover, constraint aggregation is used to increase the performance of the optimization
procedure. In [28], the method of [27] is further developed by introducing a solid isotropic material with a pe-
nalization approach to reach discrete diameters.

2. Methodology
In this paper, the considered heat carrier medium is water at 60 ◦C. It is assumed to be liquid and therefore
incompressible. Additionally, by assuming temperature changes smaller than ∆T = 40 ◦C, temperature de-
pendencies of the fluid properties (e.g. density ρ, heat capacity cp and dynamic viscosity µ) can be neglected.
Moreover, this reduces the dependencies between the thermal and hydraulic parts of the optimization. During
the nonlinear topology optimization of the district heating system, the following two main challenges occur:

• The formulation of equations in dependence of potential pipe connection (e.g. pressure or thermal losses
in a pipe)

• The direction of the flow in pipes (e.g. mixing temperature in a node)

Therefore, a new preprocessing method is proposed to solve and improve the problems mentioned above.
First, a linear thermal power flow optimization is performed on the district heating topology to determine flows
through the network, eliminate unnecessary piping connections, and reduce the available choice of discrete
piping diameters. Afterward, a detailed nonlinear optimization is performed on the preprocessed district heat-
ing system. In this optimization the nonlinear pressure and temperature drops as well as discrete diameters
are determined, thus giving a far more realistic depiction of the network. First, in section 3. the graph repre-
sentation of a district heating system is introduced. In section 4., the preprocessing method is explained, while
the nonlinear optimization model is introduced in section 5.. Finally, in section 6. the results for a small district
heating system of 42 consumers are shown and in section 7. a conclusion is drawn.



3. Representing a District Heating System as a Graph
To represent pipes, junctions, producers, or consumers mathematically a graph representation of a district
heating system has to be introduced. The pipes of the district heating systems correspond to the arcs of the
graph and the network’s junctions to the nodes. The district heating network consists of a feed and return
network which have arcs of opposite directions. This superstructure contains all possible connections and
pathways from the heat source to the consumers. The set of all nodes N can be subdivided into three diffident
subsets:

Nint ∪ Np ∪ Nc = N (1)

In Equation 1, int refers to all nodes without a consumer or a producer. The subscript p describes all nodes
with a connection to at least one producer and the subscript c all nodes with a connection to at least one
consumer. Similarly, Aint represents the geometrical pipe connection between two different internal nodes. Ap
and Ac denote the state transition between the district heating system and a producer or a consumer. The set
A representing all arcs of the network is given by:

Aint ∪ Ap ∪ Ac = A (2)

A certain node of the network will be referred to as n, whereas a directed arc going from node i to node j as
ij ∈ A.

4. Linear District Heating Model
In order to linearize the maximal power flow in a district heating pipe with length l , the maximal mass flow
m with the corresponding velocities v of each considered piping diameter d has to be determined. First, the
Bernoulli equation with a head loss ∆hf is used to calculate the pressure loss between two nodes i and j with
equal height connected by a pipe:

pi

ρ
+

v2
i
2

=
pj

ρ
+

v2
j

2
+ ∆hf (3)

The head loss ∆hf is calculated according to Darcy-Weisbach:

∆hf = fij ·
lij
dij

·
v2

ij

2
(4)

The Reynolds number Re is calculated as:

Reij =
ρ · vij · dij

µ
(5)

For Reynolds numbers Re < 2320 the friction factor fij is calculated by:

fij =
64

Reij
(6)

The friction factor fij for Re ≥ 2320 is given by the Haaland equation with the pipe roughness ε: [29]

fij =

[
−1.8 · log

((
ε

3.7 · dij

)1.11

+
6.9
Reij

)]−2

(7)

According to [30], the specific pressure drop per meter pipe length should range from 70 Pa/m to 350 Pa/m. In
this study, a maximum specific pressure drop ∆pmax of 250 Pa/m is assumed for the optimization. An iterative
calculation is used to determine the maximal velocity in a pipe with a given inner diameter. Starting at an initial
velocity of 0.01 m/s, the following equation is iterated until the relative difference of v between two consecutive
steps is smaller than 10−6:

vi+1 =

√
2 ·∆pmax · d

f · ρ
(8)



Finally, the maximal thermal power flow Q̇max is calculated with the corresponding inner diameter and the feed
and return line temperature. Next, the thermal aspect of an insulated pipe buried underground is considered.
Therefore, the temperature difference Θ between the water temperature in the pipe T and the outside temper-
ature T∞ is introduced. In this study, T∞ is set to 0 ◦C. The exit temperature Θij of a pipe segment ij due to
heat loss to its environment with an entry temperature Θi of the corresponding node is given by:

Θij = Θi · exp
(

−lij
cp · ṁij · Rij

)
(9)

The combined thermal resistance of pipe and soil per unit length is calculated with the ratio r between outer
and inner diameter: [27]

Rij =
ln 4h/rdij

2πλg
+

ln r
2πλinsul

(10)

The ratio r in Equation 10 is determined with the actual inner diameter and the insulation thickness 1 based
on [31]. After the hydraulic and thermal calculations, a linear regression of the investment costs and the thermal
losses per trench length, using SciPy [32], is performed and shown in Figure 1. The total investment costs for
piping are adapted from [2]. In this study, pipes ranging from DN20 to DN400 are considered.

Figure 1: Optimization parameters of the district heating pipelines; (A) Thermal losses of the district heating
pipes per trench length. (B) Costs of the district heating pipes per trench length.

.

Based on [7, 12], a mixed-integer linear programming model is introduced to calculate the optimal power flow
through the district heating network, determine flow directions, and omit unnecessary connections. Therefore,
a bi-directional pipe model is built. The thermal power input and output of every pipe are modelled according
to the directed graph of the network. In order to allow flows in the opposite direction, every potential pipe ij is
also modelled in the direction ji . The use of a pipe in a unique direction is assured by the objective function
(see Equation 16). For simplicity, only the equations for pipes in the direction ij are provided. The heat outflow
Q̇out of each pipe results from the inflow Q̇in minus the thermal loss Q̇loss:

Q̇ij ,in − Q̇ij ,out − Q̇ij ,loss = 0 (11)

Q̇ij ,in ≤ Q̇max ,cons · λij (12)

Q̇ij ,in ≤ Q̇max (13)

In Equation 12, the binary variable λij shows the usage of a potential pipe. Moreover, Q̇max ,cons can be seen
as a Big-M-constraint, enforcing zero thermal flow if the direction ij of the pipe is not used. Meanwhile, in



Equation 13 the actual maximal thermal capacity Q̇max is determined. This value is independent of the flow
direction (ij or ji). The thermal losses are determined by the linear regression factor atherm and btherm:

Q̇ij ,loss =
(

atherm · Q̇ij ,in + btherm · λij
)
· lij (14)

Each connection of a consumer to the district heating grid is modelled unidirectional, and thus no heat feed-in
from a consumer is possible. Moreover, energy conservation is assumed in every node under consideration of
the consumer’s heat demand and the heat source’s feed-in:∑
ij∈Ai

Q̇ij −
∑
ji∈Ai

Q̇ji −
∑
c∈Ac

Q̇c +
∑
p∈Ap

Q̇p = 0 (15)

Finally, the objective function aims to minimize the total investment costs of the district heating network under
a set of given consumers which need to be connected to the grid. As every consumer’s connection to the grid
is mandatory, the investment costs in the objective function are not distributed over the depreciation period
and no operational costs are considered. The investment costs are determined by the linear regression factors
acost and bcost from Figure 1:

min
{∑

Ai

(
acost · Q̇max + bcost · (λij + λji )

)
· lij

}
(16)

The corresponding pipe diameter to the maximal heat flow Q̇max can be calculated with fsolve from [32] with
Equation 8. The initially assumed flow direction in the graph can be corrected according to λij and λji :

• λij = 0 and λji = 0: The pipe is not used and can be deleted from the graph.

• λij = 1 and λji = 0: The assumed flow direction in the graph is correct.

• λij = 0 and λji = 1: The flow direction in the graph is the opposite of the assumed one and needs to be
corrected.

The linear diameter d and the corrected graph can be used to facilitate and speed up the nonlinear topology
optimization, described in section 5.. Here, based on the linear diameter, determined by the preprocessing
method, the choice of the available diameter is limited to the next and the following larger one.

5. Nonlinear District Heating Model
To account for more complex influences, such as mixing temperatures or pressure drops, a nonlinear transport
model has to be developed. First, a nonlinear model for district heating pipes is presented. Subsequently,
nonlinear models for consumers and heat sources are introduced. Finally, the objective functions and the pipe
discretization method used are shown.

5.1. Transport Model
Similar to section 4., the pressure loss through any given pipe in the network has to be determined. By
using the Haaland equation (see Equation 7) during the pressure loss calculations, the flow in the pipes is
assumed to be turbulent. This flow regime is desired in a district heating network, to ensure a well-defined
and continuous flow through the pipes. When Equation 3-5 are combined and the velocities converted to mass
flows (mij = (vij · π · d2

ij )/(4 · ρ)), the pressure loss can be calculated as:

pi − pj =
8 · fij
π2 · ρ

·
lij
d5

ij
· ṁ2

ij (17)

Analogical to section 4., a maximal specific pressure drop ∆pmax in a pipe ij is imposed:

pi − pj ≤ lij ·∆pmax (18)

In each node i mass conservation must be fulfilled:∑
ij∈Ai

ṁij −
∑
ji∈Ai

ṁji −
∑
c∈Ac

ṁc +
∑
p∈Ap

ṁp = 0 (19)



Moreover, inside a node of the district heating system, perfect mixing of the incoming fluids is assumed. All
outgoing flows depart from the node with the corresponding node temperature Θn and energy is conserved in
every node of the system:∑
in∈A

(
ṁin ·Θij

)
−
∑
nj∈A

(
ṁnj ·Θn

)
= 0 (20)

Heat losses are calculated analogously to section 4.. Only in Equation 10 a fixed ratio do,ij = r · dij between the
outer and inner diameter of a pipe is assumed. In this study, r is set to 4.

5.2. Producer Model
At the producer, a fixed exit temperature of 90 ◦C is imposed as a boundary condition for the district heat-
ing system. In addition, a reference pressure is defined in one of the producer’s return nodes to define the
pressure throughout the network. As only pressure differences influence the mass flow solution, the solution
is independent of the chosen reference. In Equation 21-22 flh refers to full load hours of the district heating
network. In this study, the district heating network is assumed to have 2500 full load hours [33]. To consider
pumping costs Cpump during the optimization, the electric power consumption of the pump is modelled with a
constant efficiency ηpump and the specific electric power costs cel :

Cpump =
ṁp

ρ
· 1
ηpump

· (pi − pj ) · flh · cel (21)

Moreover, the optimization has to be able to benchmark different heat producers against each other. Therefore,
the fuel costs Cfuel at each producer with the specific fuel costs cfuel are considered:

Cfuel = ṁp · cp,water · (Θp −Θi ) · flh · cfuel (22)

5.3. Consumer Model
In the nonlinear optimization, every consumer is modelled with an individual substation. Each substation is
composed of a heat exchanger and a throttle. This throttling configuration, shown in Figure 2, allows a variable
mass flow in the district heating’s and the consumer’s circuit to control the heat transferred to the consumer,
as well as low return flow temperatures with low flow velocities during partial load [31].

Feed line

Return line

C
on

su
m

er

Figure 2: Configuration of a consumer substation in the district heating system.

The pressure drop over a consumer c which connects node f in the feed line and node r in the return line is
assumed to be of the following form:

pf − pr − pthrottle = ∆pdes (23)

In this study, the design pressure drop ∆pdes over each substation is set to 0.5 bar. To increase the numerical
stability of the optimization, the heat demand of every consumer connected to the grid must be satisfied within
a range of 95 % to 110 %:

0.95 · Q̇c ≤ cp,water · ṁc · (Θf −Θc) ≤ 1.10 · Q̇c (24)

Here, the minimal cooling temperature Θc at the exit of each substation is set to 55 ◦C.



5.4. Pipe Discretization
Thus far, the presented algorithm still allows continuous diameters. In order to perform a more realistic topology
optimization, the algorithm should be able to do discrete choices in a continuous optimization. Therefore, based
on [27], a numerical continuation strategy that gradually forces the continuous diameter variables into discrete
diameter choices is introduced. A smoothed projection of the diameters onto the discrete diameter set is
gradually enforced and intermediate diameters are more and more penalized through the piping cost relation
(see subsection 5.5.). For the projection of the diameters on the discrete diameter set, a smooth approximation
of a Heaviside function is used: [27]

P(x ,σ,χ) =
tanh(χ · σ) + tanh(χ · (x − σ))
tanh(χ · σ) + tanh(χ · (1 − σ))

(25)

In Equation 25 the continuous decision variable x ∈ [0, 1] is gradually projected onto a binary decision variable
x̃ ∈ {0, 1}. The variable χ ∈ ]0,∞[ controls the steepness of the Heaviside approximation, while σ ∈ [0, 1]
determines the threshold above which the variable x is projected onto the upper limit [27]. To account for the
gradient-based optimization and to improve the stability of the optimization, the projection P is interpolated with
a linear function, controlled by the factor ν: [27]

−10−3 ≤ ν ·
(

d1 + (d2 − d1) · P
(

d − d1

d2 − d1
, 0.01,χ

))
+ (1 − ν) · d ≤ 10−3 (26)

In Figure 3 different parameterizations for χ and ν of Equation 26 are shown with d1 = 0.1603 m and d2 =
0.2101 m.

Figure 3: Function for pipe discretization for different values of χ and ν with d1 = 0.1603 m and d2 = 0.2101 m

.

5.5. Objective Function
Similar to the pipe discretization method, the smooth approximation of a Heaviside function (see Equation 25)
is used to penalize intermediate piping diameters during the optimization. To improve stability and to account
for the gradient-based optimization, the projection is also interpolated with a linear function, controlled by the
parameter ν. The investment costs for district heating pipes in the feed and return line Cpipe, connecting node
i and j , are given by:

Cpipe =
[
ν ·
(

c1 + (c2 − c1) · P
(

d − d1

d2 − d1
, 0.5,χ

))
+ (1 − ν) ·

(
c1 + (c2 − c1) · d − d1

d2 − d1

)]
· lij · 2 · A (27)

In Equation 27, investment costs are distributed over the depreciation period n, using the annuity method.
Without discounting, the annuity A is calculated with an interest rate i :

A =
(1 + i)n · i

(1 + i)n − 1
(28)



After [34], the depreciation period is set to 20 years and the interest rate i to 0.08. The objective function
is formed by combining Equation 21, 22, and 27 and thus minimizing investment and operational costs. In
Figure 4, different parameterizations of χ and ν for the investment costs of pipes are shown.

Figure 4: Heavyside projection of pipe investment cost for d1 = 0.1603 m and d2 = 0.2101 m with different
values of χ and ν.

6. Example
The linear optimization is solved with Cplex 12.10.0 [35] using Pyomo [36, 37]. The nonlinear optimization is
formulated with pyoptsparse [38] and solved with the interior point optimizer Ipopt [39]. An exemplary district
heating system with 42 consumers is used to demonstrate the presented method. As every connection of a
consumer to the grid is mandatory, independent of its economic efficiency, the preprocessing algorithm can
only find the most favorable pathway to connect all consumers and delete dispensable pipes in the graph.
The original network consists of 72 pipes. After the linear optimization, this is reduced to 69 pipes and 5 flow
directions have been corrected, as shown in Figure 5. Here, the orange point represents the producer, grey
nodes junctions, and blue nodes consumer in the district heating system. During preprocessing, the linear
diameters, with their corresponding mass flows are determined and handed to the nonlinear optimization to be
discretized. Due to the formulation of Equation 26, slight deviations from discrete diameters are allowed, but
occur only in rare cases, as shown in Figure 6.

(a) Original (b) Preprocessed

Figure 5: Representation of the original and preprocessed network.



(a) Linear diameters (b) Discrete diameters

Figure 6: Distribution of the inner diameters before and after the nonlinear optimization with 100 bins between
DN20 and DN200.

The nonlinear optimization is iteratively performed while increasing in each iteration the value of ξ and ν. Over
ten iterations, ξ is evenly spaced out from 0.001 to 100 and ν from 0 to 1. The whole nonlinear optimization
is performed in 19.37 sec. Linear diameters below DN20 are assigned either to DN20 or DN25, as shown
in Figure 6. For some connections to smaller consumers, DN25 is oversized, as the optimizer tries to find a
viable solution under consideration of all thermohydraulic equations and Equation 26. If an oversized solution,
respecting the constraints is found, it can be difficult for the optimizer to revert to the smaller diameter, as the
differences in operational and investment costs for two subsequent diameters are rather small. The resulting
pressure profile of the district heating network can be seen in Figure 7. The highest cumulative pressure
losses can be observed at the most remote consumer, defining the pressure level at the heat source. By
comparing Figure 7a and 7b, a maximal pressure difference, larger than the assumed constant pressure drop
over a consumer’s substation, can be seen. In the modelled throttle, a pressure offset occurs between the
feed and the return network, which raises the pressure level in the feed network artificially. As the pressure
level does not affect the sizing of the pipes but only the pressure differences and as the pumping costs are
rather small compared to the investment costs of the district heating system, this offset is not reduced during
the optimization.

(a) Feed network (b) Return network

Figure 7: Resulting pressure profile in the feed and return network.

Figure 8 shows the resulting temperature profile after the nonlinear optimization. As shown in Figure 8b the
consumer always tries to maximize the energy available to them in order to satisfy their demands and are



cooling the fluid down to 55 ◦C. The desired heat demand is met with 95 % of the desired heat, thus minimizing
the operational costs. Overall a total efficiency for the heat distribution of 98.01 % is reached.

(a) Feed Network (b) Return Network

Figure 8: Resulting temperature profile in the feed and return network.

7. Conclusion and Outlook
A two-step methodology for the optimization of a district heating network, based on a thermohydraulic model,
is derived and successfully implemented as an optimization problem. This method allows a fast nonlinear
optimization of a district heating system. The method presented in this paper allowed the optimization of a
small exemplary district heating system. Given a set of possible pipeline configurations to connect all the
consumers to the grid regardless of its economic viability, the simulation was able to derive an optimal network
design. The determined network configuration aimed at minimization of investment and operational costs.
In further works, the method should be applied to larger districts to prove the scalability of the method. More-
over, the discrete pipe sizing method should be improved to eliminate all non-discrete diameters in the final
results of the optimization. The optimization should also be developed to account for the profitability of the
considered district heating network. Therefore, the preprocessing method could be extended to determine
the profitability of a potential connection of a consumer to the grid. Moreover, the nonlinear depiction of the
district heating grid could be further improved. In this study, a constant ratio between inner and outer diame-
ter is assumed. In real pipes, this ratio decreases with increasing inner diameter. Gradient-based nonlinear
optimization converges always into a local optimum, a global optimum is not guaranteed. Therefore, it should
be investigated how different possible local minima can be compared to one another and how the optimization
can efficiently choose between the different local minima that occurred during the optimization. At last, the
influence of the preprocessing method on the final results should be investigated.
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[3] A. Jentsch, K. Bohn, A. Pohlig, C. Dötsch, S. Richter, and M. Manderfeld, “Handbuch zur Entscheidung-
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[39] A. Wächter and L. T. Biegler, “On the implementation of an interior-point filter line-search algorithm for
large-scale nonlinear programming,” Mathematical Programming, vol. 106, no. 1, pp. 25–57, 2006. doi:
10.1007/s10107-004-0559-y

http://arxiv.org/pdf/2205.12019v2
https://www.fw704.de/hauptmenue/kennwerte/pauschalierte-kennwerte
https://www.ibm.com/de-de/products/ilog-cplex-optimization-studio
https://www.ibm.com/de-de/products/ilog-cplex-optimization-studio


PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON
EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS

25-30 JUNE 2023, LAS PALMAS DE GRAN CANARIA, SPAIN

AIDRES: A database for the decarbonisation of the
heavy industry in Europe

Luc Girardina, Juan David Correa-Lagunab, Joris Valeeb, Shivom Sharmaa, Daniel
Florez-Orregoa, Meire Ribeiro-Domingosa, Rafael Castro-Amoedoa, Yi Zhaoa, Julia
Granachera, Marie Jonesa, Francisco Mendez Alvae, Wim Clymansc, Ivan Kantord,

Frank Meinke-Hubenyb and François Maréchala
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Abstract:
The AIDRES database aims to support the long-term objective of a fully integrated industrial strategy in the
EU-27, providing a service to the European Commission and a catalogue for industries to understand the ef-
fectiveness, efficiency and cost of potential innovation pathways for achieving carbon neutral processes in the
steel, chemical, cement, glass, fertilizers and refineries sectors by 2050. The approach considers the geo-
graphical distribution of the annual production of key products quantified at EU-NUTS3 regional level. Process
integration techniques are used to generate and evaluate the reference and future optimal production routes,
providing a quantitative, technical and multi-criteria estimate of energy demand in Europe’s major industrial
sectors. Decarbonisation of the production considers routes achieving (i) substitution of less energy intensive
products, (ii) electrification of the production, (iii) use of oxy-combustion, (iv) carbon capture transport and
storage, (v) use of alternative fuels and (vi) biomass. This results in a per-ton-of-product database containing
energy demand, direct emissions at the plant, amount of captured CO2 and the associated investment and
operation costs. Scenarios 2018-2050 for the energy prices, indirect upstream emissions, CO2 allowance and
production shift are considered to foreseen the operation expenditure and total emissions. Finally, the per-ton
database is scaled-up at the NUTS3 level by the regional production capacity. The application of the database
is demonstrated at the EU level for the analysis of the present and future evolution of selected heavy industrial
sectors, reaching a direct emission reduction between 90-95% compared with 2015-2019 average.

Keywords:
industrial processes, heavy industry, decarbonisation, renewable energies, process integration, database.

1. Introduction
The European Green Deal [7] and aims to transform the EU into a modern, resource efficient and competitive
economy while making Europe the first climate neutral continent with a 2050 climate neutrality target. To reach
this ambitious goal, an economical and societal transformation process is required. Europe’s energy intensive
industries (EIIs), especially the sectors steel, chemical, cement, glass, fertiliser and refineries, are today an
integral part, if not the foundation, of the European economy and have therefore a leading role to play in this
transition. To make this transition successful, unprecedented levels of industrial investments are required while
the market actors face at the same time increasing global competition.
Previous studies for a carbon neutral industrial strategy [30] and [8] were developed in close collaboration with
industrial representatives to define a realistic solution space for this ambitious transition. Valuable insights
are provided in these studies, identifying and quantifying in an aggregated format the steps to the envisioned
90-95% emissions reductions by 2050 for EIIs, compared to 1990 levels.
Building from many collaborative experiences with private industries, industrially representative process mod-
els have been developed in the H2020 project EPOS[23] to build, so-called blueprints. Validated by industrial
sector associations, industrial blueprints provide details of energy and material requirements of the processes,
using average or obfuscated values to avoid disclosure of confidential data. Described in greater detail in
[4] and [18], this approach allows for data and knowledge to be shared outside of an organization without



disclosing sensitive information.
The AIDRES project is providing the next level of necessary data to develop a sharper picture of potential
pathways for industries at their respective sites or industrial clusters in Europe. This study is focused on
the analysis of decarbonisation options such as further energy efficiency measures, further process integra-
tion, electrification of heat for processes, electrification of processes, production and use of hydrogen, use of
biomasse, electricity from carbon neutral sources, Carbon Capture and Utilization (CCU) and Carbon Capture,
transport and Storage (CCS) among others.

2. Approach
2.1. Blueprint model integration
Blueprints include details of heat, electricity and material flows as well as the annual investment and operation
cost required for process operation. Process integration technique [17] is used to determine the optimal size
of each process in typical production route, taking into account the internal use of heat/cold streams while
balancing the overall material and energy resource, product and waste flows.
For production routes integrating carbon capture, transport and storage (CCS), the captured emissions (EmCCS)
given by (1) are equal to a fraction (ηCCS), typically 90%, of the non biogenic and biogenic emissions. Uncap-
tured direct emissions (2) from biogenic resources are not accounted (ηCSS = 0) but when carbon capture,
transport and storage (CCS) is integrated (ηCCS > 0), biogenic direct emissions removed from the atmosphere
are accounted negatively. The profits from trading negative emissions are therefore included in the OPEX.

EmCCS = ηCCS · (Emdirect ,non bio + Emdirect ,bio) [tCO2/y ] (1)

Emdirect = (1 − ηCCS) · Emdirect ,non bio − ηCCS · Emdirect ,bio [tCO2/y ] (2)

2.2. Per ton of product results
Pertinent production routes are selected form the result of a parametric optimisation [32] using various energy
prices and emissions and different weight for the terms of the objective function (sum of operation cost, in-
vestment cost and impact/emissions). In general, the selection criteria is minimising the direct emission at the
plant, however in some cases, the criteria is reflecting the plant’s design in the EU context (e.g. steam network
design for fertilizer plant). The resulting mass/energy flows, capital cost and direct emissions at the plant are
expressed per ton of product.
2.3. AIDRES EU Mix production routes
The concept of EU mix routes is introduced to account for the uncertainty which emerges from the unknown
of future production methods for each individual industrial site (NUTS3). Rather than applying one single
production route across the European Union industrial production sites, the AIDRES EU mix routes can be
considered as a balanced hypothetical alternative to represent values of energy and feedstock input and CO2
emissions, without merit to actual industrial transition plans. The AIDRES EU Mix 2030 and 2050 production
routes (3) are build up by weighting single production routes per ton results (ri ) according to the emission
reduction targets. The integration of the mix to the mapped production sites at NUTS3 level are to be compared
and understood at European level.

mix =
∑

i∈routes

wi · ri with
∑

i∈routes

wi = 1 and wi ≤ 1 [t/t] or [C/t] (3)

The AIDRES mix are done in a way to meet the MIX EU Reference Scenario emission reduction targets in
2030 and 2050, as defined by the European Commission in 2021 [6] in line with the Fit for 55 and the EU
Green deal roadmap [7].
2.4. Scenarios integration
To evaluate the impact of the different production routes, nine typical cost and emissions scenarios 2018-2030-
2050, given in Table 1, have been considered. The criteria and values were selected based on EU reference
scenarios, to create a diversity of different outcomes. The amount of scenarios was restricted to eigth plus
a reference scenario to keep the number of modeled solutions under control. The values can be seen as
boundaries and sensitivity with different values can easily be done afterwards without having to re-run the
AIDRES model. The AIDRES model does not take limitations of resource availability into account and does
not consider competition for the resource, such as biomass [22], between and with other sectors (e.g. food).
The scenarios are aligned with the EC Fit for 55 [9]. In the AIDRES database, there is a record available for all
AIDRES production routes on NUTS3 and this for every scenario.



Table 1: AIDRES reference scenario 2018 and future EU scenarios at horizons 2030 and 2050.

CO2 Electricity Hydrogen Natural gas
Horizon Scenarios [C/kgCO2 ] [C/kWh] [kgCO2 /kWh] [C/kg] [kgCO2 /kg] [C/kWh]

0 2018 Reference 0.025 0.125 0.231 1.8 8.2 0.024
1 2030 low H2 price 0.150 0.071 0.120 3.0 0.0 0.025
2 2030 low H2 & high NG price 0.150 0.071 0.120 3.0 0.0 0.050
3 2030 high H2 price 0.150 0.071 0.120 5.0 0.0 0.025
4 2030 high H2 & high NG price 0.150 0.071 0.120 5.0 0.0 0.050
5 2050 low H2 price 0.350 0.071 0.000 1.5 0.0 0.035
6 2050 low H2 & high NG 0.350 0.071 0.000 1.5 0.0 0.050
7 2050 high H2 price 0.350 0.071 0.000 2.5 0.0 0.035
8 2050 high H2 & high NG price 0.350 0.071 0.000 2.5 0.0 0.050

2.5. Regional integration
The single and mixed production scenarios per ton of product results (ri [t/t] or [C/t]) are scaled-up at regional
level (4) considering the annual production (pNUTS3,i [t/y ]) in each NUTS3 region.

RNUTS3,i =
∑

ri ·
(
pNUTS3,i

)
[t/y] or [C/y] (4)

The aggregated annual production of the EIIs at EU level is given in Table 2.

Table 2: NUTS3 annual production aggregated at EU level for the AIDRES industrial sectors in [t/y].

Sector Product [t/y] 2018 2030 2050
Cement Cement 173’836 173’836 173’836

Chemical
Polyethylene 31’584 31’584 31’584
poly-ethyl-acetate 25’920 25’920 25’920
Olefins 36’956 36’956 36’956

Fertiliser Ammonia 10’928 10’928 10’928

Glass
Container glass 32’256 32’256 32’256
Fibte Glass 2’100 2’100 2’100
Flat glass 10’072 10’072 10’072

Refineries Light-liquid-fuel 360’543 306’268 104’674

Steel
primary 93’144 93’144 93’144
secondary 65’709 65’709 65’709

3. Industrial production route
3.1. Cement sector
The cement sector (raw mill, kiln, calcination, product mill) has been structured with production routes using
dry kiln and coal and alernative route using calcination process to produce Limestone Calcined Clay Cement
(LC3).
Six types of cement have been modeled however, no distinction is made in the EU-NUTS3 level and we have
therefore considered Portland cement II (BV325R with a clinker-to-cement ratio of 70%) as the reference and
Calcined clay product (LC3) as a future alternative (best case). Portland cement I (cI425R) is a conservative
type of cement with a clinker-to-cement ratio of 95% and has one of the highest CO2 emissions (worst case).
In cement manufacturing, about 60% CO2 comes from calcination process, and remaining 40% comes from
fuel consumption.
The conventional route uses dry kiln, cement, coal(54%), alternative fuels mixture(30%) and biomass waste
(BMW) to produce Portland cement type II with 70% clinker-to-cement ratio. The flue gases from a conventional
cement plant contains 20-25% CO2. Beside Monoethanolamine (MEA) Capture technology, Calcium looping
seems to emerge as the most promising carbon capture technology in the sector.



Alternative production routes (a) replace coal by alternative fuel mixture (AFM) and biomass waste (BMW), (b)
integrate monoethanolamine amine (MEA) or calcium looping (CaL) carbon capture, (c) use oxy-combustion
with carbon capture and (d) use calcination process to produce Limestone Calcined Clay Cement (LC3), a new
type of cement with a lower CO2 footprint based on calcined clay. Through research and testing, LC3 aims at
becoming a standard and mainstream general-use product in the global cement market [24].
Different calcination modes exist, e.g. Rotary kiln (soak calcination) and Flash gas suspension calciner. The
latter is chosen for this model, as its product presents clinker subsitution rate of 30-40% (due to significantly
higher reactivity of the calcined clay with cement), whereas the soak calcination product can only substitute
15-25%. Other advantages are no grinding requirement required after the calciner, and reduced CAPEX by
75% compared to the rotary kiln option. The calcination step involves mainly 2 reactions : drying of the clay (at
around 100◦C), and metakaolin reaction between 400 and 600◦C, producing water (gaseous) as by-product.
3.2. Chemical sector
The chemical sector in Europe is highly complex, encompassing bulk chemical manufacturing, especially
chemicals for the pharmaceutical industry and plastics production. This work considers the production of
three main products: poly-ethyl-acetate, polyethylene and olefins. Olefins includes ethylene, propylene and
other olefins products. Ethylene is an intermediate in the production of poly-ethyl-acetate and polyethylene.
The production of methanol from biomass and coelectrolysis is considered as well for the production of olefins.
Three different routes are considered for the production of olefins: (a) naphtha for the reference route and
methanol synthetized either from (b) renewable green biomass gasification or (c) from the co-electrolysis of
carbon dioxide and water.
The reference case for the chemical sector uses light naphtha (LN) to produce Poly-ethyl-acetate (PE), Etylene
and Propylene. The alternative route (LN+EL) uses an electrical furnace to provide heat for naphta cracking,
thus avoiding direct emissions from combustion.
Methanol is either imported from the market (grey methanol from steam reforming process) or produced from
biomass ((BM)MeOH) or coelectrolysis ((COEL)MeOH) using CO2 from the market. One burner is included for
offgas from methanol synthesis and upgrading. Crude methanol is directly fed to a methanol-to-olefin reactor
with oxygen [14]. Four products are then recovered: ethylene, butene, propylene and other olefins [31]. The
model was designed for a production of 600 ktonnes of ethylene per year.
Polyethylene (PE) production is modelled using four main units: preheating of the reactants (ethylene, hydrogen
used as chain-transfer agent and nitrogen) to 70◦C; polymerization of ethylene in a slurry; recycle of unreacted
liquid and gas reagents to finishing step; and quenching with water followed by extrusion [10, 16, 20]. The
model was designed for a production of 25’000 kilos of polyethylene per hour.
Ethyl-acetate is produced via the esterification of carboxylic acids [26]. A process whereby ethylene is reacted
with acetic acid at 170◦C to produce 15 tonnes per hour of ethyl acetate is simulated. Following reaction, the
hot gases are cooled down to room temperature before being send to the separation section which consists of
two flash drum in series to extract the unreacted ethylene from the hot gases and recycle it to the preheating
unit. The acid is then recovered from the products and recycled. The product is purified and latter polished
to remove light and medium hydrocarbons. The light hydrocarbons are stripped of acetaldehyde and recycled
whereas both the high and medium hydrocarbons are disregarded following heat exchange with other cooled
process streams. Finally, ethanol and water are recovered from the water rich stream exiting purification and
recycled. All process conditions are based on the Blueprint model developed by [3]. The polymerization
reaction requires cooling water and the injection of cold feedstock into the reactor to control temperatures
between 150 and 200◦C at pressures from 13 to 83 bar.
3.3. Fertilizer sector
The fertiliser sector has been structured in four routes for the production of ammonia, ammonia plus urea and
ammonia plus urea plus nitric acid. The production routes use either natural gas with and without carbon
capture, biomass or electricity.
The reference production route is a conventional natural gas-based ammonia production plants which is
equipped with efficient energy integration networks able to recover the waste heat available throughout the
chemical system [12]. Alternative routes use biomass gasification or nitrogen and hydrogen (H2)NH3 for re-
placing methane in the integrated ammonia production plant [11]. Hydrogen is either produced at the plan
using Alkaline electrolyser (AEL) or imported from the market. In both cases, mechanical vapor recompression
(MVR) can be integrated to recycle waste heat, thus lowering the natural gas demand and direct emissions.
Hydrogen is either coming from the market (grey and green hydrogen, Table 1 or alternatively produced on-site
by alkaline electrolysis (AEL).
Ammonia process emissions is a particular case where CO2 used for urea, which is captured by necessity
from the SMR syngas, is accounted as direct emission at the plant and not as captured CO2 (CSS). The



CO2 in surplus from the gas purification unit is send to the market (beverages, plastics, slaughterhouses) and
accounted as direct emission. The routes integrating diethanolamine carbon capture of CO2 from the gas
purification unit are labelled with (DEA), while the routes with CCS on the furnace using monoethanolamine
carbon capture are labelled with (MEA).
Accounting and mitigation of the green house gas emission effect of NO2 for the nitric acid production routes
is out of the scope of the AIDRES project.
3.4. Glass sector
The glass sector has been structured in production routes using either natural gas, hydrogen or electric furnace
with or without carbon capture technology. Hydrogen can be produced on site by an Alkaline electrolyzer (AEL)
or purchased on the market.
Fibre glass consists out of roughly 10% of the total whereas majority of the glass products are container or
hollow (60%) and flat glass (30%).
The high temperature requirement of the process is limiting the available options. Natural gas (NG) or Hydrogen
(H2) can be used to satisfy the heating demand. Electric melting furnaces are also been considered with an
efficiency of 85% and a cost based on equipment recently installed.
3.5. Refineries sector
The Refineries sector (Distillation, Cracking, Isomerisation, Reforming Desulfurisation and Fischer-Tropsch
process) has been structured in seven routes. The refinery and Fischer-Tropsch process are used with either
Natural gas or Hydrogen furnace. Carbon capture (MEA) is considered only in conjunction with the use of a
Natural gas furnace. The targeted product of both routes is a light liquid fuel (LHV = 42.87 MJ/kg). To produce
1 ton of light liquid fuel (LLF), 1.56 ton of crude oil is needed, which represents an LHV equivalent of 1.038
toneqLLF of Fischer-Tropsch fuel and 0.464 toneqLLF of methanol.
The reference refineries (REF) uses crude oil to produce, without carbon capture, light liquid fuel (LHV = 42.87
MJ/kg) including isomerate, heavy reformate, gasoline and gasoil (diesel) [1, 2, 15, 28].
Two routes (Biomass gasification and co-electrolysis) are producing syngas from biomass or co-electrolysis of
CO2 and water. The extra Carbon dioxide is separated from the syngas with a carbon capture unit [25, 33].
The purified syngas is further transformed into liquid fuel with two different production routes:
- methanol synthesis;
- Fischer-Tropsch (FT) process producing FT crude (C12, C18, C20).
Hydrogen from the market, steam Methane Reforming (SMR) [27] and Alkaine Electrolysis [19] (AEL) are
competing options for the supply of hydrogen to the system. Hydrogen can indeed be used to avoid the water
gas shift reaction in the gasifier [13].
3.6. Steel sector
The steel sector (iron making, steel making and shaping) has been structured in production routes for pri-
mary steel and one route using recycled scraps and electric arc furnace (EAF) to produce secondary steel.
Steel from primary and secondary production routes have different quality that serves different purpose. The
denomination does not refer to a distinction in value.
Special types of steel and stainless steel were not further disaggregated in the model. Special types of steel
are produced under request and it is an alloy of iron and several other materials (such as nickel and chromium).
Therefore, the desegregation was done based on the production route: primary steel (BF-BOF) and secondary
steel (EAF). This approach is aligned with EUROFER [5] and World Steel reports [29] to facilitate comparison
and reduce the number of products to be covered. For instance, EUROFER includes a report differentiating
the production route, as it is done in AIDRED, and another report by steel quality. Both cases add up to the
same annual production. Finally, the production of special steel was assumed to be included in the production
of steel with EAF.
The reference case uses a blast furnace (BF) and a Basic oxygen furnace (BOF) to produce primary steel.
Alternative routes make use of (i) top gas Recycling blast furnace (TGRBF) or (ii) waste plastic injection BF
to replace the BF. TGRBF is a promising technology to significantly reduce the CO2 emission by recycling CO
and H2 from the top gas leaving the blast furnace (BF). CO and H2 content of top gas has a potential to act
as reducing gas elements, and hence their recirculation to the BF is considered as an effective alternative to
improve the BF performance, enhance utilization of Carbon and hydrogen, and reduce CO2 emission.
Other alternative for primary steel production routes are (iii) replacing the BF-BOF by an electric arc furnace
(EAF) or (iv) by shaft furnaces using different fuels to feed an EAF with direct reduced iron (DRI-EAF). The
use of molten oxyde electrolyser (v) is a route with low technology readiness level (TRL). Finally (vi) mo-
noethanolamine carbon capture (MEA) can be used on the fumes of the different furnaces.
The consumption of coal of blast furnaces is much higher than the consumption of coke since the coke oven



plant is assumed to be within the boundaries of the sector. Nevertheless, the total energy intensity remains
within the order of magnitude common for the BF-BOF (18-20 GJ/t).
Both alternatives, H2 without and with electrolyzer on-site (AEL) are computed and available for comparison in
all scenarios.

4. Results
A subset of the full AIDRES database, giving the specific energy flows, investment costs, emissions and
captured CO2 per ton of product for the routes of the AIDRES EU-mix 2018-2050, is reported in Table 3 of
appendix A. The AIDRES EU-mix, shown in Figure 1 comply with the emission reduction targets for 2030 and
2050 based on the MIX EU Reference Scenario [6] in line with Fit for 55 and the EU Green deal [7]. The
corresponding energy demand, aggregated at the EU level are reported in Figure 2. The map of Figure 3
shows the energy and direct emissions reduction, aggregated at country scale, for the AIDRES EU-mix at
horizon 2050.

Figure 1: EU-27 EIIs direct emission at the plant [MtCO2 /y] and emerging energy vectors [TWh/y] AIDRES EU
mix production routes meeting EU reference MIX scenario derived emission reduction targets.

(a) Energy and feedstock inputs by vectors. (b) Energy and feedstock inputs by sectors.

Figure 2: EU-27 EIIs energy and feedstock inputs flows [TWh/y], direct and total 2018 emissions [MtCO2 /y] for
AIDRES EU mix production routes meeting EU reference MIX scenario derived emission reduction targets.

5. Conclusion
This paper presents a publicly available database for the decarbonisation of the heavy industry in Europe in line
with other databases of energy intensive industries, such as EU ETS. The concept of AIDRES EU mix routes
has been introduced to account for the uncertainty which emerges from the unknown of future production
methods for each individual industrial site (NUTS3).
According to the AIDRES EU-EIIs decarbonisation pathway, the overall energy and feedstock inputs are ex-
pected to decrease by 57% by 2050, mainly due to the reduced refinery output, while the renewable electricity



(a) AIDRES reference 2018. (b) AIDRES EU-mix 2050.

Figure 3: Map of the energy and feedstock inputs flows [Twh/y] for the AIDRES EU-mix 2018 and 2050 with
direct CO2 emissions reduction [%] by 2050. Scales of Luxembourg, Estonia, Latvia and Slovenia x 3.

demand will see a sharp increase by a factor of three by 2030. Biomass could play a crucial role in the chemi-
cal and refinery sectors in the future, while methanol will replace naphtha as a vital feedstock for the chemical
sector. The usage of green hydrogen is moreover expected to become essential in the steel, fertilizer, and
chemical sectors. The cement industry will have to rely on a mixture of biomass waste and alternative fuels,
combined with carbon capture technologies such as oxy-fuel combustion and calcium looping. Although there
will be a strong decline in coal and natural gas usage, they can still have a role in some sectors combined with
carbon capture technologies.
However, the AIDRES EU mix routes are not the only pathways toward the decarbonisation of the heavy in-
dustry in Europe. A virtual unlimited number of different combinations of different production routes, across the
EU and at specific NUTS3 locations, can indeed be simulated using the publicly available AIDRES database.
The AIDRES database has already been applied to develop regional and sectoral approaches to identify po-
tential industrial symbiosis initiatives, highlighting the optimization potential of symbiotic profiles and recom-
mending the inclusion of additional sectors such as paper and power plants [21]. The proposed format can be
used in future studies and model applications by EU institutions, such as the Directorate-General for Energy
(DG ENER) and the Joint Research Centre (JRC).
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Abstract: 

Decision-making for distributed energy systems (DES) is subject to significant uncertainties. Therefore, 
assuming perfect foresight for long-term system planning might result in suboptimal decisions. Long time 
horizons result in a variety of possible scenarios. One way of considering uncertainty in DES design is Monte 
Carlo analysis (MCA). However, MCA suffers from the computational burden of repeatedly evaluating energy 
system models. Furthermore, MCA is sensitive to distribution assumptions of uncertain parameters.  In this 
work, we combine linear regression and systematic uncertainty modeling in MCA to consider uncertainty 
effectively. 
 
We propose a method for comparing different DES designs regarding total annualized cost (TAC) while 
reflecting uncertain parameters. We model uncertainties by introducing a small number of representative 
factors that scale reference parameters. We distinguish between constant and long-term uncertainties 
increasing over time. We use mixed-integer linear programs (MILPs) to minimize yearly costs of DES. We 
solve the burdensome MILPs only for Latin Hypercube samples to parameterize linear surrogate models. We 
use the obtained linear surrogate models during MCA to accelerate the computation of the TAC. 
 
We apply our method to a case study adapted from the literature to compare promising DES designs while 
considering multiple sources of uncertainty. We compute the TAC of the DES designs for thousands of long-
term scenarios and identify the design, which results most frequently in the lowest costs. We show that using 
linear regression can reduce the computational time by more than 99 %, while maintaining a high accuracy 
measured by the goodness of fit of the linear regression. 

Keywords: 

Distributed energy systems; Long-term scenarios; MILP; Multiple uncertainties; Surrogate modeling. 

1. Introduction 
Designing industrial energy systems given a multi-year planning horizon is challenging yet crucial for achieving 
a sustainable energy supply [1]. Energy systems are commonly designed to minimize total annualized cost 
(TAC), the global warming impact, or both. Long planning horizons suffer from a lack of good forecasts and 
also involve inherent uncertainties, which are recommended to be considered [1,2]. Optimization-based 
techniques for identifying the optimal energy system configuration under uncertainty include robust 
optimization, stochastic optimization, or chance-constrained optimization [3,4]. Here, the consideration of 
uncertainties lead to complex optimization problems that are challenging to solve resulting in a tradeoff 
between solution quality and computational tractability [3]. The presence of multiple uncertain factors, e.g., 
arising from the long-term evolution of energy prices and demand, adds further complexity in identifying the 
best suited design [3]. Energy system optimization under uncertainty can also be addressed using Monte Carlo 
analysis (MCA), where computation time is independent of the number of uncertain parameters for a single 
scenario [4,5]. However, MCA typically requires evaluating hundreds of scenarios while the computational time 
still increases linearly with the number of scenarios and thus can become prohibitively high, particularly when 
complex models are involved [5]. A promising approach is to use approximation methods involving sampling 
techniques like Latin hypercube sampling, which can facilitate the consideration of a wide range of scenarios 
[6,7]. Furthermore, MCA can be quite sensitive to probability distributions for uncertain parameters [5]. Even 



though only a few parameters might be influential, the specification of uncertainties is challenging and should 
be done systematically [2]. Overall, the issue of efficiently incorporating multiple sources of uncertainties into 
the energy system design process for industrial systems with a multi-year planning horizon is challenging and 
needs to be addressed. 

In this work, we propose a method that helps to make informed decisions regarding the selection of the optimal 
distributed energy system (DES) design from a set of promising designs considering long time horizons and 
multiple sources of uncertainty. This so-called Rapid Monte Carlo analysis (RMCA) incorporates uncertainty 
and surrogate modeling. The economic metric TAC is used to rank the designs. As a first step, we define the 
procedure of calculating TAC. Determining TAC for a design involves estimating operational expenditures by 
solving operational optimizations and using investment cost correlations. Accordingly, the metric depends on 
a variety of uncertain parameters that may influence the results. To model uncertainties, the full set of uncertain 
parameters is reduced to a few representative factors. Each factor is classified and parameterized to define 
the probability distributions of the long planning horizon. Next, computationally burdensome relationships 
between these representative factors and the TAC are replaced by linear surrogate models. The uncertainty 
and surrogate models allow a large number of long-term scenarios to be considered. Finally, a statistical 
analysis of the TAC of the DES designs is conducted to serve as a foundation for selecting a final design. 

The paper is structured as follows. Section 2 presents the proposed method in detail by first providing an 
overview, then presenting the uncertainty parameterization and modeling as well as the linear surrogate model 
generation, and finally the RMCA. Section 3 applies the method to a case study adapted from the literature 
and discusses the results. Finally, in Section 4 conclusions are drawn. 

2. Rapid Monte Carlo analysis via uncertainty and surrogate modeling 

2.1. Method overview 

We propose a method to analyze a set of promising DES design alternatives to identify the best design given 
a multi-year planning horizon and multiple sources of uncertainty. To rate a system’s performance, we use the 
total annualized cost (TAC) as assessment metric. The given design alternatives can be, for example, user-
defined or the result of an optimization-based design method. Figure 1 shows the four main steps of using our 
method. 

 

 

Figure 1.  Energy system planning under long-term uncertainty: Steps for preparing and applying the 
proposed rapid Monte Carlo analysis (RMCA) via uncertainty and surrogate modeling for analyzing promising 
distributed energy system (DES) design alternatives to identify the best system according to an assessment 
metric. 

Section 2.2 discusses the calculation of the assessment metric TAC and the involved optimization models. 
TAC depends not only on parameters such as investment costs but also on the operational 
expenditure (OPEX) including energy costs occurring within the multi-year planning horizon. Here, we consider 
the OPEX for each year of the planning horizon individually rather than resorting to only one year that is 
assumed to be representative for the whole horizon. We formulate mixed-integer linear programs (MILPs) for 
each DES design to determine the energy costs of each year. Each MILP depends on a large number of 
parameters (e.g., component efficiencies, heating demand for each hour of the year). As a result, the 
assessment metric depends on many potentially uncertain parameters.  

In Section 2.3 we show, how we address uncertainties. We first identify a small number of representative 
factors that scale reference parameters to define the parameters of the assessment metric. We model the 
time-dependent development of these representative factors using probability distributions. After modeling 
uncertainties, probability distributions for all parameters of the TAC are defined. A direct calculation of the TAC 
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involves solving a MILP for each year of the multi-year planning horizon. Thus, calculating the TAC directly is 
computationally burdensome. Instead of solving multiple MILPs to obtain the energy costs for each year, we 
employ linear surrogate models.  

Section 2.4 shows how we first generate Latin hypercube samples (LHS) of representative factor combinations 
to obtain the energy costs of representative years. We then use each combination to parameterize and solve 
MILPs. Afterwards, we use the LHS to parameterize linear surrogate models. These linear surrogate models 
allow approximating the energy costs of a single year given the representative factors specifying the respective 
year. The surrogate model generation is conducted for each DES design. As a result, we can approximate the 
TAC for long-term scenarios without solving additional MILPs. After following these three preparation steps, 
the RMCA is carried out. 

In Section 2.5, we present the steps of conducting our RMCA. It relies on the probability distributions 
determined for uncertainty modeling and approximates the TAC using the generated surrogate models for 
evaluating the long-term scenarios. The RMCA provides decision support by evaluating a large number of 
multi-year scenarios and conducting a subsequent statistical analysis. 

2.2. Assessment metric and energy system modeling 

We evaluate DES design alternatives using the TAC as a metric where we consider the OPEX of each year 
individually, rather than using one representative year. The DES to be evaluated involve different technologies 
for converting and storing energy. The TAC of an energy system 𝑒 is calculated as follows:  

𝑇𝐴𝐶𝑒 =
1

𝑃𝑉𝐹
∗ (𝐼0,𝑒 + ∑

𝑂𝑃𝐸𝑋𝑒,𝑎

(1 + 𝑖)𝑎

𝑇

𝑎=1

) (1) 

with the net present value factor 𝑃𝑉𝐹 , the investment costs 𝐼0,𝑒  of the energy system 𝑒 , the operational 

expenditures 𝑂𝑃𝐸𝑋𝑒,𝑎 of energy system 𝑒 occurring in year 𝑎 ∈ {1, … , 𝑇}, the time horizon length of 𝑇 years, 

and the interest rate 𝑖. We determine the net present value factor as follows [8]: 

𝑃𝑉𝐹 =
(1 + 𝑖)𝑇 − 1

(1 + 𝑖)𝑇𝑖
 (2) 

We estimate the investment costs 𝐼0,𝑒 using cost correlations (e.g., cf. [9]). The OPEX 𝑂𝑃𝐸𝑋𝑒,𝑎 encompasses 

energy costs 𝑂𝑃𝐸𝑋𝑒,𝑎
e  as well as maintenance costs 𝑂𝑃𝐸𝑋𝑒,𝑎

m : 

𝑂𝑃𝐸𝑋𝑒,𝑎 = 𝑂𝑃𝐸𝑋𝑒,𝑎
e + 𝑂𝑃𝐸𝑋𝑒,𝑎

m  (3) 

The maintenance costs 𝑂𝑃𝐸𝑋𝑒,𝑎
m  of energy system 𝑒 are determined in accordance to [9]. To compute the 

energy costs 𝑂𝑃𝐸𝑋𝑒,𝑎
e  of energy system 𝑒 in year 𝑎, we utilize MILPs to determine the cost-optimal energy 

system operation to fulfil the energy demand. The objective function of each MILP is defined as the sum of 
costs for purchasing energy carriers in year 𝑎. Here, we assume that the costs of each year can be computed 

independently and obtain the energy costs 𝑂𝑃𝐸𝑋𝑒,𝑎
e  by solving the respective MILP. We model the energy 

systems using quasi-stationary component models as used by [9] and consider part-load behavior as in [10]. 
As a result, the MILPs comprise equations for the objective function, energy balances, the conversion units, 
and the energy storage. The models for the operational optimization of energy systems encompass a variety 
of parameters (e.g., hourly-resolved heating demands, components’ efficiencies). 𝑇𝐴𝐶𝑒  of each energy 

system 𝑒 can be determined if the parameters are known; however, some parameters like energy prices can 
be subject to uncertainty. 

2.3. Uncertainty parameterization and long-term uncertainty modeling 

The assessment metric usually depends on a large number of parameters which are potentially uncertain. We 
reduce the number of potentially uncertain parameters by first screening and then grouping them. Specifically, 
we first identify the parameters that can be assumed as constant. Afterward, we group the remaining 
parameters and assign each group to a representative factor that captures the shared variability. This 
screening and grouping, to which we refer to as uncertainty parameterization, results in a low number of 
representative factors. For each representative factor, we then conduct the long-term uncertainty modeling by 
choosing one of three uncertainty types and defining a permitted range for each representative factor. 
Thereafter, the uncertainty modeling is complete. The proposed procedure guides the uncertainty modeling 
steps (i.e., how uncertainty is modeled) and leaves case specific decisions to the user (e.g., which sources of 
uncertainty should be considered). 

We start the uncertainty parameterization with a preliminary screening by first listing all parameters of the 
assessment metric. Next, parameters with known values, with negligible influence on the assessment metric, 
or with negligible uncertainty are set as constant. At this point, the risk of excluding influential parameters 
should be considered carefully and expert knowledge about characterizing uncertainty can be incorporated. 
For parameters assumed to be uncertain, we determine reference parameters. Following that, the uncertain 
parameters that are expected to be correlated (e.g., all hourly demands of one year) are grouped and assigned 



to the representative factor of that group. As soon as all parameters of the assessment metric are either set 
as constant or assigned to a representative factor, the uncertainty parameterization is complete.  

For the long-term uncertainty modeling, we distinguish three types of long-term uncertainty. The three types 
are adapted from [2]. Figure 2 illustrates the three types of uncertain parameter developments. 

 

Figure 2.  Three types of long-term uncertainty. Type I: Random scalar (e.g., investment costs, life expectancy 
of equipment). Type II: Constant long-term uncertainty (e.g., energy prices). Type III: Increasing long-term 
uncertainty (e.g., energy demand). The exemplary realizations (orange dots) of the representative factors (𝜃𝑖, 
𝜃𝑖,𝑎) lay within the permitted range which is defined by its bounds (𝑅𝑖

+, 𝑅𝑖
−). 

For each representative factor 𝑖 ∈ 𝐼 = 𝐼I ∪ 𝐼II ∪ 𝐼III, first, an appropriate long-term uncertainty type needs to be 
chosen. Second, a range of permitted scaling factor values needs to be selected. To parameterize the 
permitted range, an upper bound 𝑅𝑖

+ and a lower bound 𝑅𝑖
− need to be selected. These bounds can, for 

example, be derived from historical data or forecasts.  

We derive the probability distributions of the representative factors as follows. We use normal (Gaussian) 
distributions, which are one of the most frequently used distributions [11], to model the uncertain parameters. 
The expected value 𝜇𝑖 of the normal distribution is assumed for all representative factors 𝑖 ∈ 𝐼 as 

𝜇𝑖 =
𝑅𝑖

+ + 𝑅𝑖
−

2
        ∀𝑖 ∈ 𝐼 (4) 

The standard deviation 𝜎𝑖 is determined such that the permitted range matches the two-sigma interval: 

𝜎𝑖 =
𝑅𝑖

+ − 𝑅𝑖
−

4
        ∀𝑖 ∈ 𝐼 (5) 

For type I factors 𝑖 ∈ 𝐼I, we define the normal random variable �̃�𝑖 that serves as an auxiliary variable: 

�̃�𝑖 ∼ 𝑁(𝜇𝑖, 𝜎𝑖
2)        ∀𝑖 ∈ 𝐼I (6) 

Analogously, for type II factors 𝑖 ∈ 𝐼II, we define for each year 𝑎 an auxiliary variable �̃�𝑖,𝑎: 

�̃�𝑖,𝑎 ∼ 𝑁(𝜇𝑖, 𝜎𝑖
2)        ∀𝑎 ∈ {1, … , 𝑇}, 𝑖 ∈ 𝐼II (7) 

We project these auxiliary variables to values within the permitted range. Thus, we obtain the probability 
distributions for the representative factors 𝜃𝑖,𝑎 as follows: 

𝜃𝑖,𝑎 = {

𝑅𝑖
+ �̃�𝑖,𝑎 > 𝑅𝑖

+

𝑅𝑖
− �̃�𝑖,𝑎 < 𝑅𝑖

−

�̃�𝑖,𝑎 otherwise

        ∀𝑎 ∈ {1, … , 𝑇}, 𝑖 ∈ 𝐼II (8) 

An analogous formulation for 𝜃𝑖 ∈ 𝐼𝐼 (i.e., one where the index 𝑎 is dropped) is used for type I parameters. The 

increasing uncertainty of type III factors 𝑖 ∈ 𝐼III is modeled using 

�̃�𝑖,𝑎 = 𝜃𝑖,𝑎−1 + Δ𝑖,𝑎        ∀𝑎 ∈ {1, … , 𝑇}, 𝑖 ∈ 𝐼III (9) 

  , 

  
+

  
 

  

  
+

  
 

  , 

  
+

  
 

year  

year  

type    scalar 

type     constant 

type      increasing 



with 𝜃𝑖,0 = μi  ∀ i ∈  IIII and the random variable Δ𝑖,𝑎 ∼  𝑁(0, 𝜎Δ,𝑖
2 ) ∀ 𝑎 ∈  {1, . . . , 𝑇}, 𝑖 ∈  𝐼III which corresponds to 

the difference of consecutive factor values. We determine the standard deviation 𝜎Δ,𝑖 as follows. If random 

variables are uncorrelated, the variance of their sum equals the sum of their variances [11]. To approximate 

the variance 𝜎𝑖
2 for the final parameter 𝜃𝑖,𝑇, we set the variance of each step to 1/𝑇-th of the final, desired 

variance. Thus, we determine the respective standard deviations using 𝜎Δ,𝑖 = 𝜎𝑖 √𝑇⁄  ∀𝑖 ∈ 𝐼III. After assigning 

each uncertain factor to an uncertainty type and parameterizing it, long-term scenarios can be generated, and 
the respective TAC can be computed. 

2.4. Surrogate modeling via Latin hypercube sampling and linear regression 

We use linear surrogate models to speed up the calculation of the assessment metric by replacing 
computational burdensome operations with linear approximations. For determining the TAC of a DES design, 
the energy costs need to be calculated for each year of the multi-year time horizon of length 𝑇. As a result, 𝑇 
optimization problems need to be solved for each long-term scenario. After introducing the representative 
factors in Section 2.3, which includes setting parameters to constant values and determining reference 
parameters, each optimization problem is fully defined by a small set of parameters: 

𝑂𝑃𝐸𝑋𝑒,𝑎
e = 𝑂𝑃𝐸𝑋𝑒

e ({𝜃𝑖}𝑖∈𝐼I , {𝜃𝑖,𝑎}
𝑖∈𝐼II∪𝐼III 

) (10) 

For each DES design, we obtain a linear surrogate model by first solving the respective MILP for a 
representative set of sampling points. We select these sampling points using Latin hypercube sampling and 

solve the MILPs for 𝑁LHS  combinations of representative factors. Afterwards, we use ordinary least 
squares [12] to parameterize the linear surrogate models which have the following form:  

𝑂𝑃𝐸𝑋𝑒,𝑎
e ≈ 𝑂𝑃𝐸�̃�𝑒,𝑎

e = 𝑏𝑒,0 + ∑ 𝑏𝑒,𝑖𝜃𝑖

𝑖∈𝐼I

+ ∑ 𝑏𝑒,𝑖𝜃𝑖,𝑎

𝑖∈𝐼II∪𝐼III

 (11) 

where 𝑂𝑃𝐸�̃�𝑒,𝑎
e  is the linear approximation of the energy costs 𝑂𝑃𝐸𝑋𝑒,𝑎

e  of DES design 𝑒 in year 𝑎 and 𝑏𝑒,𝑖 is a 

surrogate model parameter. We assess the quality of fit using the coefficient of determination 𝑅2  defined 
as [13]: 

𝑅2 = 1 −
∑ (𝑋𝑗 − 𝑌𝑗)

2𝑁LHS

𝑗=1

∑ (�̅� − 𝑌𝑗)
2𝑁LHS

𝑗=1

   with   �̅� =
∑ 𝑌𝑗

𝑁LHS

𝑗=1

𝑁LHS
 (12) 

where 𝑌𝑗 is the value of the observed data (i.e., the result of an optimization), 𝑋𝑗 is the value predicted by a 

linear surrogate model,  �̅�  is the mean of the observed data, and 𝑁LHS corresponds to the number of Latin 

hypercube samples. The coefficient of determination can take values 𝑅2 ≤ 1 and positive values of 𝑅2 can be 

linked to the percentage of correctness of a regression [13]. However, a high value of 𝑅2 cannot guarantee 
whether the linear surrogate model is an appropriate approximation. After having generated linear surrogate 
models, we approximate the TAC as follows: 

𝑇𝐴𝐶𝑒 ≈ 𝑇𝐴�̃�𝑒 =
1

𝑃𝑉𝐹
∗ (𝐼0,𝑒 + ∑

𝑂𝑃𝐸�̃�𝑒,𝑎
e + 𝑂𝑃𝐸𝑋𝑒,𝑎

m

(1 + 𝑖)𝑎

𝑇

𝑎=1

) (13) 

2.5. Rapid Monte Carlo analysis 

Our rapid Monte Carlo analysis (RMCA) allows to analyze and compare promising DES design alternatives 
with a reduced computation burden considering multiple sources of uncertainty and long planning horizons. 
The RMCA is enabled by defining an assessment metric (Section 2.2), conducting uncertainty 
parameterization as well as long-term uncertainty modeling (Section 2.3), and generating surrogate models 
(Section 2.4). Our RMCA involves the typical steps of a MCA [5]. First, probability distributions are defined. 
Second, random values, i.e., long-term scenarios, are sampled. We use long-term uncertainty models to 
generate multi-year scenarios defined by a set of representative factors. Third, the samples are evaluated 
using approximations for the TAC. By using linear surrogate models, the computational burden of 
approximating the TAC can be neglected. After generating and evaluating a sufficiently large number of long-
term scenarios, we conduct a statistical analysis to identify the best DES design alternative. 

3. Case study and results 

3.1. Distributed energy system design alternatives for a research campus 

We apply our method in a case study adopted from the literature. In our case study, we seek to find the best 
DES design from a set of promising candidates to fulfill energy demands, i.e., the heating and electricity 
demands given in [9].  

Figure 3 shows three user-defined DES design alternatives (i.e., ES1, ES2, ES3) which are to be analyzed. 
The designs are similar to the those obtained using an energy system design optimization in [9]. All designs 
include two boilers and a thermal energy storage. ES1 includes a combined heat and power (CHP) unit and a 
heat pump (HP), ES2 has two CHP units but no HP, and ES3 has two HPs instead. 



   

(a) (b) (c) 

Figure 3.  Promising distributed energy system design alternatives 𝑒 ∈ {𝐸𝑆1, 𝐸𝑆2, 𝐸𝑆3}. The three designs 
encompass boilers (B), heat pumps (HP), combined heat and power (CHP) units, and thermal energy 
storages (TES) to fulfill an electricity as well as a heating demand. The systems are connected to an electricity 
and a natural gas grid. 

Technical specifications of the conversion units are shown in Table 1. The part-load segment 

parameters (𝜆𝑘,min
in/out

; 𝜆𝑘,max
in/out

= 1) are derived using correlations given in [9]. The thermal energy storage has for 

all cases a capacity of 𝑄max = 1000 kWh, charging efficiencies of 𝜂in = 𝜂out = 0.95, and a heat loss time 

constant of 𝜏loss = 200 h.  

Table 1.  Nominal power, nominal efficiency, and part-load segment parameters of the installed boilers (B), 
combined heat and power (CHP) units, and heat pumps (HP). 

 Nominal power Nominal efficiency 𝜆𝑘,min
in  𝜆𝑘,min

out  

Boiler �̇�B
th = 530 kW 𝜂B

th = 80.0% 0.173 0.200 

CHP unit (electric) 𝑃CHP
el = 380 kW 𝜂CHP

el = 38.9% 0.582 0.500 

CHP unit (thermal) �̇�CHP
th = 470 kW 𝜂CHP

th = 48.1% 0.582 0.622 

Heat pump �̇�HP
th = 200 kW 𝐶𝑂𝑃 = 2.998 0.200 0.200 

 

The investment costs and annual maintenance costs of each DES design alternative are determined using the 
cost correlations given in [9] and are shown in Table 2. 

Table 2.  Investment costs and annual maintenance costs of each DES design alternative. 

 ES1 (HP+CHP) ES2 (CHP) ES3 (HP) 

Investment costs 𝐼0,𝑒, € 383,901 551,542 216,260 

Maintenance costs 𝑂𝑃𝐸𝑋𝑒,𝑎
m , € 024,331 046,089 002,574 

 

Given the DES design alternatives, we conduct the first of the three preparation steps shown in Fig. 1: We 
define for each DES design an assessment metric according to Eq. (1) for a planning horizon length of 𝑇 = 10 
years. This step includes the formulation of MILPs to determine annual energy costs. 

3.2. Uncertainty and surrogate modeling 

Next, we present the preparation of the uncertainty and surrogate models for each DES design alternative. We 
start modeling uncertainty by listing all parameters influencing the assessment metric. As the designs include 
different components, the assessment metrics of the design alternatives depend on different sets of model 
parameters. Next, we identify the uncertain parameters. As the price of energy carriers can have a relevant 
impact in energy planning models [2], we model the gas price and the electricity price as time-dependent, 
uncertain parameters. Furthermore, we assume that also the heating demand and the electricity demand are 
relevant uncertain parameters. All other model parameters are set to appropriate constant values. Hence, due 
to the hourly resolution of the optimization models, a total number of 4 ⋅ 8760 parameters per year remain 

uncertain. We introduce three representative factors, i.e., one factor for scaling electricity prices (𝜃c−el,𝑎), one 

factor for scaling gas prices (𝜃c−gas,𝑎), and one factor for scaling electricity and heating demands (𝜃d,𝑎). We 

assign each of the 4 ⋅ 8760 uncertain parameters to one representative factor for scaling reference parameters 
(cf. Table 3). The representative factors serve as a low-dimensional representation of the uncertain parameters 
reducing the number of uncertain parameters to three per year. 

  

     

   

            

        

   

         

    

  

   

        



Table 3.  Representative factors and long-term uncertainty modeling. For all representative factors, the 

associated uncertain parameters of the assessment metric, the type of uncertainty, and the bounds (𝑅𝑖
+, 𝑅𝑖

−) 

of the permitted range are given. 

Representative 

factor 

Associated 
parameters 

Type of  
uncertainty 

𝑅𝑖
− 𝑅𝑖

+ 

𝜃c−el,𝑎 
Hourly resolved 
electricity price 

II (constant) 0.44 1.57 

𝜃c−gas,𝑎 
Hourly resolved 

gas price 
II (constant) 0.26 1.74 

𝜃d,𝑎 
Hourly resolved 
electricity and 
heat demand 

III (increasing) 0.60 1.40 

 

We classify the representative factor 𝜃d,𝑎 as type III uncertainty as demand uncertainties typically increase 

over time. Furthermore, we assume that the demand might increase or decrease by up to 40 % over the time 

horizon of 10 years. This assumption results in an upper bound of 𝑅d
+ = 1.4 and a lower bound of 𝑅d

− = 0.6. 

We use the heating and electricity demand from [9] for defining the corresponding reference parameters. As 
done in [2], we assume that the accuracy of short and long-term energy price predictions is equal. Thus, we 
classify 𝜃c−el,𝑎 and 𝜃c−gas,𝑎 as type II uncertainties. For modeling the long-term uncertainty of the energy prices, 

we assume a low-price and a high-price scenario considering historical prices (cf. [14]). In the low-price 
scenario, we assume an average electricity price of 7.5 ct/kWh and a gas price of 2.5 ct/kWh. In the high-price 

scenario, we assume an electricity price of 26.67 ct/kWh and a gas price of 17.44 ct/kWh. We assume that 

within one year the energy prices remain constant. We choose the upper bound 𝑅c−el
+  such that the reference 

price parameters scaled with  𝑅c−el
+  result in the high-price scenario. We determine the lower bound  𝑅c−el

−  and 

the range of the representative factor 𝜃c−gas,𝑎 analogously. After defining a low-dimensional parameterization 

and modeling long-term uncertainty, we generate the surrogate models. 

The linear surrogate models for approximating the energy costs of one year of operation are generated by first 

solving the respective MILPs for 𝑁LHS = 25 Latin hypercube samples and then applying linear regression to 
obtain the parameters of the linear surrogate models. We use Pyomo 6.4 [15,16] for modeling and 
Gurobi 10.0 [17] as a solver. Table 4 shows the linear surrogate model parameters for each of the DES design 

as well as the quality of fit given by the 𝑅2-value. 

Table 4.  Linear surrogate models for approximating the annual energy costs of the energy systems. The linear 

surrogate models are defined by its parameters 𝑏𝑒,𝑖. The coefficient of determination 𝑅2 aids assessing the 

model quality. 

𝑒 𝑏𝑒,0, € 𝑏𝑒,𝑐−el, € 𝑏𝑒,𝑐−gas, € 𝑏𝑒,d, € 𝑅2 

ES1 -520,442 239,815 219,318 537,369 0.9429 

ES2 -475,527 224,834 296,459 524,416 0.9617 

ES3 -556,080 396,682 056,741 594,618 0.9746 

 

Figure 4 shows by comparing observed and approximated energy costs that energy costs are predicted 
reasonably well by the linear surrogate models for each LHS and DES design. 



 

Figure 4.  Scatter plot for assessing the accuracy of the three linear surrogate models based on the Latin 
hypercube samples. Small vertical deviations from the dotted line indicate a high approximation accuracy. 

3.3. Rapid Monte Carlo analysis 

The RMCA is applied employing the uncertainty and surrogate models. Our analysis is presented in three 
parts. First, we present the generated scenarios, which consist of 𝑁 = 5000 long-term scenarios illustrated in 
Fig. 5. Next, we provide a statistical analysis from three views to evaluate the scenarios. Finally, we consider 
the computational burden associated with the RMCA.  

 

          (a) (b)                      _ 

Figure 5.  Long-term scenarios (𝑁 = 5000) and Latin hypercube samples (𝑁LHS = 25). a) The subset of ten 

long-term scenarios showing different trajectories of the representative factors (𝜃c−el,𝑎, 𝜃c−gas,𝑎, 𝜃d,𝑎). b) The 

parameter space is spanned by the representative factors and is densely covered by the 50,000 years 
contained within the long-term scenarios (small gray dots). One long-term scenario and the Latin hypercube 
samples are illustrated in orange and by the red dots, respectively. 

We evaluate the long-term scenarios using the linear surrogate models and thus avoid solving many 
optimization problems with similar parameterizations. We analyze the TAC obtained for the long-term 
scenarios and DES design alternatives from three views. First, we analyze the distributions of the TAC for 
each design.  
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Figure 6.  Cumulative probability plot for determining the probability of the total annualized cost (TAC) being 
lower or equal to the given TAC when choosing the respective design. 

Figure 6 reveals the bandwidth of expected TAC. This view indicates that ES2 is likely to result in the highest 
TAC and that furthermore ES1 and ES3 lead to similar TAC. However, this visualization does not include 
information about the difference in TAC for specific long-term scenarios. 

By comparing the TAC of the DES design alternatives in each scenario, we determine the frequency of having 
the lowest TAC for each design. We find that ES3 results in 87.7 % of the scenarios in the lowest TAC. In the 
remaining scenarios, ES1 results in the lowest TAC. However, this second view does not convey information 
about the differences in TAC, i.e., how high the regret is when another design would have been a better choice.  

Third, we examine the differences in TAC. We normalize the differences using the expected TAC of ES3. We 
find that the maximal regret associated with choosing ES1, ES2, and ES3 is 19.4 %, 51.4 %, and 11.4 %, 
respectively. In this context, regret is defined as the difference between the TAC of the selected design and 
the TAC of the best design. Furthermore, we find that the average regret associated with choosing ES1, ES2, 
and ES3 is 5.5 %, 31.7 %, and 0.3 %, respectively. Thus, we recommend ES3 as it most likely results in the 
lowest TAC whereas choosing ES2 should be avoided. Overall, the different views of the statistical analysis 
provide insights about the probability distributions of the assessment metric. Furthermore, analyzing the 
differences in TAC can reveal which design should be preferred or avoided. 

The computational performance of the RMCA is addressed next. Here, we use the number of MILPs to be 
solved as a proxy for the computational burden. We compare the RMCA to a MCA that does not employ 
surrogate models. When not using surrogate models, we need to solve one MILP for obtaining the energy 
costs for each year, scenario, and design. As a result, the computational burden increases linearly with the 
number of long-term scenarios. Given three DES design alternatives and a time horizon of ten years, each 
scenario requires solving 30 MILPs. Solving the MILPs of this work typically requires a few minutes. As MCA 
applied for energy system design might require hundreds of scenarios to be considered [4,5], not using 
surrogate models results in a significant computational burden.  

Using the RMCA also requires solving MILPs. Before we can evaluate the first scenario using RMCA, we need 
to create the surrogate models first. We solve 75 MILPs for the three linear surrogate models in total. In 
comparison to solving MILPs, the computational burden of determining the parameters of the linear surrogate 
models and evaluating them is negligible. As a result, the RMCA is faster if three or more long-term scenarios 
are considered. For the considered 5,000 scenarios, the computational time is reduced by more than 99 %. 

4. Conclusion 
Designing distributed energy systems (DES) under uncertainty is a challenging task. One approach to address 
uncertainty is to use Monte Carlo analysis (MCA). However, the high computational burden associated with 
MCA for DES design and long planning horizons limits its application. Furthermore, MCA requires reasonable 
assumptions about probability distributions. To address the challenge of designing DES under uncertainty 
considering multi-year planning horizons, we propose a rapid Monte Carlo analysis (RMCA) approach enabled 
by long-term uncertainty modeling and surrogate modeling for optimization-based energy system planning 
under long-term uncertainty. Our method provides decision support when a set of promising DES designs is 
given.  

  

   

   

   

   

   

   

   

   

   

    

                 

 
 
 
 
  
  
 
 
  
  
 
 
 
  
  
 

                              

                             



To enable RMCA, three preparation steps are conducted. Firstly, an assessment metric is defined and mixed-
integer linear programs (MILPs) for the operational optimization of each DES design are formulated. Secondly, 
a low-dimensional representation of uncertainty and a long-term uncertainty model are systematically derived. 
Thirdly, surrogate models are created after solving the respective MILP for representative Latin hypercube 
samples. The RMCA starts by generating a large number of scenarios by sampling the long-term uncertainty 
models. The scenarios are evaluated using the surrogate models. Subsequently, a statistical analysis reveals 
the expected distribution of the total annualized cost (TAC) for each design, the likelihood of a specific design 
resulting in the lowest TAC, and the regret of choosing one design over another. 

We apply our method to a case study adapted from the literature to assess three promising DES designs for 
a time horizon of ten years. We formulate MILPs for the operational optimization of each DES design and 
represent uncertain parameters using three representative factors per year. We create accurate linear 

surrogate models with a coefficient of determination 𝑅2 ≥ 0.94 for all designs. In the RMCA, 5,000 scenarios 
are considered and the best design which most likely results in the lowest costs is identified. The RMCA 
approach is compared to a MCA that does not rely on surrogate models and thus does not require solving 
MILPs for representative samples but lacks the benefit of the low effort of evaluating a surrogate model. Using 
the surrogate models results in a speedup if three or more long-term scenarios are considered. When 
considering 5,000 scenarios, the computational time is reduced for the specific case study by more than 99 %. 

The presented approach can be applied to a wide range of energy systems. Besides, created surrogate models 
could also be used in companioning sensitivity analyses, which would also benefit from the substantially 
reduced computational burden. The benefit of a sensitivity analysis is that it does not require information about 
probability distributions. For DES designs of higher complexity, nonlinear surrogate models might be required 
to reach a high quality of fit, increasing the effort of creating the surrogate models.  

In summary, the RMCA approach enabled by uncertainty and surrogate modeling provides an efficient way of 
considering multiple sources of uncertainty and long planning horizons. The adaptability and the reusability of 
its components, i.e., of the energy system, the uncertainty, and the surrogate modeling, potentially enable wide 
applicability of the proposed approach for energy system design under uncertainty. 
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Nomenclature 

𝐶𝑂𝑃    coefficient of performance, - 

𝑖    interest rate, - 

𝐼0,𝑒    investment costs of energy system 𝑒, € 

𝑁     number of long-term scenarios, - 

𝑁LHS     number of Latin hypercube samples, - 

𝑂𝑃𝐸𝑋𝑒,𝑎    operational expenditure of energy system 𝑒 in year 𝑎, € 

𝑂𝑃𝐸𝑋𝑒,𝑎
m     maintenance costs of energy system 𝑒 in year 𝑎, € 

𝑂𝑃𝐸𝑋𝑒,𝑎
e   /  𝑂𝑃𝐸�̃�𝑒,𝑎

e   energy costs of energy system 𝑒 in year 𝑎 (observed/approximated), € 

𝑃𝑉𝐹    net present value factor, - 

�̇�𝑘
th  /  𝑃𝑘

el   nominal thermal/electrical capacity of unit 𝑘, kW 

𝑄max    capacity of thermal storage, kWh 

𝑅2    coefficient of determination, - 

𝑅𝑖
+  /  𝑅𝑖

−   upper/lower bound of the permitted range of representative factor 𝑖, - 

𝑇    time horizon length, - 

𝑇𝐴𝐶𝑒  /  𝑇𝐴�̃�𝑒   total annualized cost of energy system 𝑒 (observed/approximated), € 

𝜂𝑘
th  /  𝜂𝑘

el     nominal thermal/electrical efficiency of unit 𝑘, - 

𝜂in/out  /  𝜏loss   efficiency/heat loss time constant of thermal storage, - 

𝜃𝑖  /  𝜃𝑖,𝑎     representative factor 𝑖 in year 𝑎, - 

�̃�𝑖  /  �̃�𝑖,𝑎  /  Δ𝑖,𝑎   auxiliary variable for representative factor 𝑖 in year 𝑎, - 

𝜆𝑘,min/max
in/out

   part-load efficiency parameter of unit 𝑘, - 

𝜇𝑖    expected value of auxiliary variable for representative factor 𝑖, - 

𝜎𝑖  /  𝜎Δ,𝑖   standard deviation of auxiliary variable for representative factor 𝑖, -  
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Abstract: 

The study provides the hybrid model that couples system dynamics (SD) modelling and multi-criteria analysis. 
The SD model allows obtaining energy, economic, environmental indicators of a DH company and evaluating 
its dynamics in a time horizon until 2050. Considered decarbonization scenarios include the transition of the 
DH system towards a 4th generation DH (4GDH) system adhering to 4 strategies: the DH system uses at least 
(a) 50% RES; (b) 50 % waste heat, (c) 75 % cogenerated heat or (d) 50 % of combined aforementioned energy 
and heat. In addition, the development scenarios include various energy efficiency improvement measures on 
the consumer side and in the heating networks.  The sustainability of each scenario was assessed with multi-
criteria analysis methods - TOPSIS. The hybrid model provides a ranking of the selected transition pathways 
according to their sustainability score and benchmarks results of developed scenarios against a carbon neutral 
DH system. This model serves as a guidance to DH system developers and decision makers. The case of 
Riga is presented in the study.  

Keywords: 

4th generation district heating, Decarbonisation, District heating system, Multi-criteria Decision Analysis, 
sustainability assessment, TOPSIS  

1. Introduction 
The district heating sector is responsible for a large share of greenhouse gas emissions. The environmental 
impact along with economic and technical limitations is increasingly looked as a key factor in decision making 
in development of DH systems [1]. These different parameters impact the current operation of these systems 
and will influence them in the future because of new legislation, market trends and changing public outlook.  

Dynamic energy system models are used as a decision support tool that can characterize existing and future 
DH systems because they are designed to simulate the behaviour of energy systems over time, considering 
the interactions between heat production, distribution and utilization [2]. Different development scenarios 
therefore can be modelled to find the technological mix fit for a sustainable DH system. Decarbonization, 
transition to renewable energy sources can be set as an optimizable goal for the system in year 2050 together 
with the expected economic considerations. 

This modelling approach produces a set of possible development scenarios that each have a unique 
combination and degree of developed technologies. The assessment of these scenarios is essential for 
decision-making process and different methodologies exist for this purpose. Maigret et al. modelled the 
development of a carbon intensive industry and compared the possible development scenarios by their Pareto 
fronts [3]. Finke and Bertsch developed a method for multi-objective optimisation of energy systems and a 
framework for finding Pareto-optimal solutions and trade-offs between objectives [4]. While these methods can 
provide insights into the energy systems’ technological limits and possible development scenarios, they still 
require a final judgment of the decision-maker. Yuan et al. coupled smart energy system simulation with multi-
objective optimization tool MOPSO and multi-criteria analysis (MCA) method TOPSIS for an optimal heating 
strategy selection moving towards 100% renewable energy use [5]. The use of MCA methods can alleviate 
the burden of decision-makers as those can consider different viewpoints and conflicting objectives. That 
makes them ideal for DH system assessment where often clashing economic, technical, environmental and 
social aspects play a significant role.  

MCA methods are used in the field of renewable energy policy planning include AHP, TOPSIS, WSM, 
ELECTRE, PROMETHEE and VIKOR [6]. In a previous study it was assessed that TOPSIS method is a 
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suitable MCA method for sustainability analysis of DH systems due to its relative simplicity and similar results 
to other methods [7]. 

The aim of the study is therefore to evaluate the performance of waste heat (WH), high-efficiency combined 
heat and power (CHP) and RES technology in the DH system by moving towards carbon neutrality in various 
development scenarios. Based on an algorithm that combines the SD model with the TOPSIS method, the 
economic, environmental and energy parameters of the DH system development scenarios were evaluated 
for creating decarbonization strategy of a city DH system. 

2. Methods  
The algorithm of the study is presented in Figure 1. A system dynamics model of a DH system is taken as a 
base for further optimization and development planning.  

 

Figure 1. Algorithm of the study 

Technological, climate and policy scenarios are designed based on literature review. Simulations with these 
scenarios and optimizable technological parameters are performed. The next step is MCA where the DH 
system operating parameters are assessed by the TOPSIS method to find the most sustainable technology 
mix within each scenario. The last step is analysis of MCA results and policy and development proposals. 

2.1. DH model description for case study of DH system 

In a previous study, a s SD model corresponding to the urban DH system was developed [2] and improved 
[1].The SD model includes all stages of DH - heat production, transmission and consumption. The model is 
based on the installed capacity of various technologies. Energy sources include fossil fuels (natural gas) and 
renewable energy sources, such as wood chips, as well as potentially developed technologies - heat recovery 
from treated wastewater, industrial processes, solar collectors. The DH technology block consists of eight 
different technologies. Heat consumption tends to decrease because of improved energy efficiency of buildings 
- its demand therefore can decrease by renovating buildings while also increasing due to building of new ones 
that correspond to the nearly zero energy standard. In addition, the possible impact of global warming on the 
thermal energy demand of buildings and the resulting changes in the installed capacity of DH systems with or 
without renovation of existing apartment buildings are evaluated to move to a sustainable 4GDH system in the 
long term. Table 1 shows the priority technologies in four developed scenarios clusters. 

Table 1.  Selection of priority technologies in various DH system development scenarios.* 

Technologies RES-NG 
scenarios 

RES scenarios (50% 
renewable energy) 

CHP scenarios 
(75% CHP&  
CHP priority)  

WH scenarios 
(50% WH& 
WH priority) 

CHP biomass ✓ ✓ ✓  
CHP NG ✓  ✓  
HOB biomass ✓ ✓   
HOB NG ✓    
Solar collectors  ✓   
Large scale heat 
pumps 

 ✓  ✓ 

Heat exchangers  
& heat pumps   

 ✓  ✓ 

Wastewater heat 
pumps 

 ✓  ✓ 

* ✓ - priority technologies  

 



 

The Directive on energy efficiency (2018) promotes development of technologies that allow achieving the 
highest cumulative end-use energy savings and lowest primary energy consumption [8]. Three scenario 
clusters were selected for the study considering the definition of an efficient district heating and cooling system 
set by the Directive 2012/27/EU: one ensures 50% of RES by using biomass as the energy source (RES); 
second, where 75% of heat is produced by CHPs (CHP); third that provides the use of WH in DH system. 
Fourth scenario cluster was considered where the DH company continued to produce part of the heat by NG 
(RES/NG).  
 

2.2. Assumption and constrains of selected scenarios 

The DH system of Riga city was chosen as a case study area. The initial installed capacity of the produced 
heat and assumptions of each development scenario is provided in Table 2. 

Table 2.  Current heat supply and assumption of capacity to be installed. 

Scenarios 

Technologies, MW 

Boiler NG 
Boiler 
biomass 

CHP 
by 
NG 

CHP by 
biomass 

Solar 
collectors 

Large 
scale 
HP 

Industrial 
waste 
heat HP 

Wastewater 
absorption 
HP (AHP) 

Existing 
installed 
capacity 

300* 68 47 22 0 0 18 0 

RES-NG  No limit 250 
No 
limit 

No limit 19 20 14/0** 4 

RES 
Ban on new 
installations 
from 2025 [9] 

No limit 
No 
limit 

No limit 19 20 14/0** 4 

CHP 
Ban on new 
installations 
from 2025 [9] 

CHP 
priority 

No 
limit 

No limit 19 20 14/0** 4 

WH 
Ban on new 
installations 
from 2025 [9] 

No limit 
No 
limit 

No limit 19 30 14/14** 8 

*capacity of HOB by NG excluding reserve; **potential of recovered WH in DH company/ potential of recovered WH from industry 

The capacity of solar collectors, large scale HP and WH shown in Table 2 are based on the technological 
limitations that exist in the case study area. It was assumed that solar collectors could only be installed on land 
belonging to the DH company (i.e. next to an existing heat source). Thus, the installed number of collectors 
was limited to 1,700 (approx. 21,000 m2), which corresponds to 19 MW (640 h per year). NG boilers are 
planned to be replaced by a large-scale HP in one of the existing heat sources, which is located on the 
riverbank. The use of industrial WH is currently related to the operation of condensing economizers. In all 
development scenarios, it is planned to expand the integration of industrial WH into DH system. The use of 
heat recovery from treated wastewater in Riga is limited due to the heat demands of the adjacent heating zone. 
It is possible to use a maximum heat capacity of 8 MW, which is much lower than the total heat potential of the 
treated wastewater. More details about investment and fixed O&M costs applied in the SD model can be find 
in previous article by Ziemele&Dace [1].  

For all four scenario-clusters we applied one scenario without impact of global warming and three global 
warming scenarios, which include different level of representative concentration pathways (RCP) – RCP2.6 
(low), RCP4.5 (medium) and RCP8.5 (high) (see Table 3). According to the selected climate change scenarios 
the outdoor temperature during the heating season is estimated to increase from the current +1.1 °C to 3.0, 
3.4 and 4.0 °C in scenarios RCP2.6, RCP4.5 and RCP8.5, respectively. Additionally, the impact of building 
renovation on heat demand was evaluated. There are considered three level of renovation. The budget for 
building reconstruction in the selected DH area was 5.8 million EUR per year for first level, which roughly 
corresponds to the current financing. The depth of renovation was adopted according to national legislation, 
i.e. 60 kWh/m2 for heating existing apartment buildings (corresponding to class B) and 40 kWh/m2 for heating 
new buildings (corresponding to class A) [10]. In addition, a scenario in which the energy efficiency policy will 
be implemented with acceleration and the available funding will be quadrupled is being considered. 

 
 
 
 
 
 



 

Table 3.  Description of scenarios 

Nr. Scenarios Conditions 

Renovation of multi-apartment buildings Global warming Investment 

1. RES/0/RCP0 - - 0 
2. RES/0/RCP2.6 - ✓ 0 
3. RES/0/RCP4.5 - ✓ 0 
4. RES/0/RCP8.5 - ✓ 0 
5. RES-NG/1/RCP0 ✓ - 1 
6. RES-NG/1/RCP2.6 ✓ ✓ 1 
7. RES-NG/1/RCP4.5 ✓ ✓ 1 
8. RES-NG/1/RCP8.5 ✓ ✓ 1 
9. RES-NG/2/RCP0 ✓ - 2 
10. RES-NG/2/RCP2.6 ✓ ✓ 2 
11. RES-NG/2/RCP4.5 ✓ ✓ 2 
12. RES-NG/2/RCP8.5 ✓ ✓ 2 
13. RES/1/RCP0 ✓ - 1 
14. RES/1/RCP2.6 ✓ ✓ 1 
15. RES/1/RCP4.5 ✓ ✓ 1 
16. RES/1/RCP8.5 ✓ ✓ 1 
17. RES/2/RCP0 ✓ - 2 
18. RES/2/RCP2.6 ✓ ✓ 2 
19. RES/2/RCP4.5 ✓ ✓ 2 
20. RES/2/RCP8.5 ✓ ✓ 2 
21. CHP/1/RCP0 ✓ - 1 
22. CHP/1/RCP2.6 ✓ ✓ 1 
23. CHP/1/RCP 4.5 ✓ ✓ 1 
24. CHP/1/RCP 8.5 ✓ ✓ 1 
25. CHP/2/RCP0 ✓ - 2 
26. CHP/2/RCP2.6 ✓ ✓ 2 
27. CHP/2/RCP 4.5 ✓ ✓ 2 
28. CHP/2/RCP 8.5 ✓ ✓ 2 
29. WH/1/RCP0 ✓ - 1 
30. WH/1/RCP2.6 ✓ ✓ 1 
31. WH/1/RCP 4.5 ✓ ✓ 1 
32. WH/1/RCP 8.5 ✓ ✓ 1 
33. WH/2/RCP0 ✓ - 2 
34. WH/2/RCP2.6 ✓ ✓ 2 
35. WH/2/RCP 4.5 ✓ ✓ 2 
36. WH/2/RCP 8.5 ✓ ✓ 2 

 
As a result, 36 DH’s system development scenario simulation in the SD model allows obtaining input 
parameters to create an initial matrix for multi-criteria analysis. 

 

2.3. Coupling system dynamics (SD) modelling and multi-criteria analysis (MCA) for 

DH sustainability assessment 

In the framework of this study, energy, environmental and economic parameters were chosen, which fully 
describe the DH system transition towards decarbonization and allow to identify the most sustainable paths 
for the transition towards 4GDH considering various conflicting goals. Table 4 summarizes the eight identified 
criteria that used in the research.  

Table 4.  Selected criteria of multi-criteria analysis. 

Type of 
criterion 

Name of criterion Criterion designation, 
unit 

Criterion 
designation 
in MCA 

Energy Primary energy factor PEF X1 

Specific heat consumption for heating in 
buildings 

Ebuil, kWh/m2 per year X2 

Environment 
 
  

Avoided CO2 emissions from DH system  
SACO2, t CO2 per year 

X3 

Radiation forcing Rad X4 



 

Type of 
criterion 

Name of criterion Criterion designation, 
unit 

Criterion 
designation 
in MCA 

Share of renewable energy sources Shres, % X5 

Share of recovered heat from waste heat Shrec, % X6 

Economy Avoided CO2 emissions costs ACCO2, EUR/ t CO2  X7 

Heat tariff Ttot, EUR/MWh X8 

 
The PEF was calculated in accordance with the ISO 5200-1:2007 [11] using the primary resource factors given 
in Table 2: 

𝑃𝐸𝐹 = (∑ 𝐹𝑧 ∙ 𝑓𝑛𝑟𝑒𝑛,𝑗 + ∑ 𝐹𝑧
𝑧

∙ 𝑓𝑟𝑒𝑛,𝑧)/𝑄𝑐𝑜𝑛
𝑧

  

(1) 

where 𝐹𝑧 is the energy source (fuel, electricity) consumption in the DH system, MWh per year; 𝑓𝑛𝑟𝑒𝑛,𝑧 is the 

primary resource factor of non-renewable energy of zth sources; 𝑓𝑟𝑒𝑛,𝑧  is the primary resource factor of 

renewable energy of zth resources. The study uses the primary resource factors according to ISO 52000-
1:2017 [11]. 

The calculation of CO2 emissions was done according to national legislation [12] that based on Emission 
factors from the IPCC methodology [13]  and is part of the SD model. The avoided CO2 emissions (𝑆𝐴𝐶𝑂2, %) 
are calculated as follows: 

𝑆𝐴𝐶𝑂2 = 𝐴𝐶𝑂2𝑖𝑛𝑖𝑡
− 𝐴𝐶𝑂2𝑓𝑖𝑛

 (2) 

𝐴𝐶𝑂2 = ∑ 𝐹𝑧 ∙ 𝑒𝑧
𝑧

 (3) 

where 𝐴𝐶𝑂2𝑖𝑛𝑖𝑡
 is the initial amount of CO2 emissions, tCO2/yr; 𝐴𝐶𝑂2𝑓𝑖𝑛

 is the amount of CO2 emissions in end of 

period, tCO2/yr; ∙ 𝑒𝑧 is the CO2 emission factor for zth resources. 

Heat tariff in each scenario (T, EUR/MWh) is calculated using the following equation: 

𝑇 = ∑ 𝑇𝑝𝑟𝑜𝑑,𝑧 ∙ 𝜑𝑧
𝑧

+ 𝑇𝑡𝑟 + 𝑇𝑠 
(4) 

where  𝑇𝑝𝑟𝑜𝑑,𝑧 – production tariff for j technology, EUR/MWh;  𝜑𝑧  – the share of z technology; 𝑇𝑡𝑟  – transmission 

tariff, EUR/MWh; 𝑇𝑠 – sales tariff, EUR/MWh. 
Investment and O&M costs for the technologies used in this study were assumed according to data reported 
in previous studies by the authors. [1]. For instance, investments for constructing wood chips CHP are 
3000/2500 kEUR/MWe for 2020/2050 years, but for wood chips boiler - 350/300 kEUR/MWth for 2020/2050 
years  [14].  
The values of these criteria for each scenario were used to create a decision matrix (Equation (Eq.5) and were 
normalized according to the linear ‘Max’ method (Eq.6 and 7). 
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(5) 

𝑟𝑖𝑗 =
𝑚𝑎𝑥𝑋𝑖𝑗 − 𝑋𝑖𝑗

𝑚𝑎𝑥𝑋𝑖𝑗 − 𝑚𝑖𝑛𝑋𝑖𝑗

 (6) 

𝑟𝑖𝑗 =
𝑋𝑖𝑗 − 𝑚𝑖𝑛𝑥𝑖𝑗

𝑚𝑎𝑥𝑋𝑖𝑗 − 𝑚𝑖𝑛𝑋𝑖𝑗

 (7) 

 
where rij  – normalized value of criterion xij; maxXij  – maximal value of the criterion; minXij – minimal value of 
the criterion; Xij – criterion value; I – number of alternatives; j – number of criteria. 
 



 

The set of weights was calculated taking into account the dispersion of the input data and using the entropy 
method  [15]: 

𝑝𝑖𝑗 =
𝑟𝑖𝑗

∑ 𝑟𝑖𝑗
𝑚
𝑖=1

 𝑖 = 1, … ,𝑚;        𝑗 = 1, … , 𝑛 (8) 

𝐸𝑗 = −
(∑ 𝑝𝑖𝑗 ln(𝑝𝑖𝑗)

𝑚
𝑖=1 )

ln(𝑚)
             𝑗 = 1,… , 𝑛 (9) 

𝑤𝑗 =
1 − 𝐸𝑗

∑ (1 − 𝐸𝑗)
𝑛
𝑖=1

     𝑗 = 1,… , 𝑛 (10) 

 
where rij  – normalized value of criterion xij; Ej – information Entropy method; wj – Entropy method weight. 
 

The scenario ranking was done by the TOPSIS method. It is a MCA method that finds the ranks 
scenarios by calculating their closeness to an imaginary positive ideal scenario. It is done by weighting the 
input matrix (Eq.11), finding the positive and negative ideal scenarios (Eq.12 and 13) and the closeness of 
each scenario to the ideal scenario (Eq.14). 

𝑣𝑖𝑗 = 𝑤𝑗𝑟𝑖𝑗 (11) 

where 𝑟𝑖𝑗  - normalized value of criterion xij, wj – weight of criterion j, 𝑣𝑖𝑗- the weighted normalized value of 

criterion xij. 

𝑆𝑖
+ = [ ∑ (𝑣𝑖𝑗 − 𝑣𝑗

+) 
𝑛

𝑗=1
]1/2 (12) 

𝑆𝑖
− = [ ∑ (𝑣𝑖𝑗 − 𝑣𝑗

−) 
𝑛

𝑗=1
]1/2 (13) 

 (𝑆𝑖
+) – positive ideal scenario, (𝑆𝑖

−) – negative ideal scenario, 𝑣𝑖𝑗 – weighted normalized value of alternative i 

with respect to criterion j; 𝑣𝑗
+ – maximal normalized value with respect to criterion j; 𝑣𝑗

− – minimal normalized 

value with respect to criterion j. 

𝐶𝑖
∗ =

𝑆𝑖
+

𝑆𝑖
+ + 𝑆𝑖

− (14) 

where 𝐶𝑖
∗ – closeness to the ideal scenario. 

2.4. Analysis  

The results of the MCA can be expressed as a ranking of the technology combinations from best to worst for 
each of the climate scenarios. At first, the effect of different weights is evaluated. The best method for weight 
determination is then chosen. The most sustainable technology mixes for each of the climate scenarios are 
compared by determining trade-offs between the economic, technical and environmental parameters. The 
further choice of the development strategy of the DH company is made based on the policy makers' opinion of 
preference regarding the design of the DH company and its development strategy and based on balancing the 
components of the energy trilemma: economic feasibility, environmental sustainability, and security of energy 
supply. 

3. Results and discussion 

3.1. Results of MCA 

The multi-criteria analysis includes 36 different scenarios for the development of the DH system, 
which differ in the amount of renovation of buildings, the mix and share of heat energy production 
technologies and outdoor air temperature during the heating season due to climate change (see 
assumption in table 2 and 3). The initial matrix of criteria of the multi-criteria analysis presented in 
Table 5. 

Table 5.  Multi-criteria analysis decision matrix. 

Scenarios 
Parameters 

X1 X2 X3 X4 X5 X6 X7 X8 

Weight 12.6% 14.1% 14.0% 12.1% 12.7% 7.8% 14.5% 12.2% 

Optimal value min min max min max max min min 

RES/0/RCP0 1.150 96.4 102 664 0.00 89.12 3.59 92.81 73.97 



 

Scenarios 
Parameters 

X1 X2 X3 X4 X5 X6 X7 X8 

RES/0/RCP2.6* 1.145 83.2 106 709 2.60 88.60 3.76 77.76 73.82 

RES/0/RCP4.5 1.143 79.2 107 937 4.50 88.44 3.82 73.53 73.77 

RES/0/RCP8.5 1.140 72.0 110 169 8.50 88.12 3.92 66.22 73.69 

RES-NG/1/RCP0 1.146 93.1 77 517 0.00 73.03 3.61 114.71 79.06 

RES-NG/1/RCP2.6 1.142 81.0 83 663 2.60 72.73 3.78 99.05 79.10 

RES-NG/1/RCP4.5 1.141 77.4 85 515 4.50 72.64 3.83 94.66 79.11 

RES-NG/1/RCP8.5 1.138 70.8 88 858 8.50 72.46 3.93 87.12 79.13 

RES-NG/2/RCP0 1.143 83.3 82 371 0.00 72.80 3.74 102.26 79.09 

RES-NG/2/RCP2.6 1.140 74.6 86 826 2.60 72.55 3.88 91.51 79.12 

RES-NG/2/RCP4.5 1.138 72.0 88 167 4.50 72.47 3.93 88.44 79.13 

RES-NG/2/RCP8.5 1.136 67.3 90 579 8.50 72.32 4.01 83.12 79.15 

RES/1/RCP0 1.149 93.1 103 628 0.00 89.00 3.63 89.05 68.30 

RES/1/RCP2.6 1.144 81.0 107 330 2.60 88.50 3.79 75.45 67.91 

RES/1/RCP4.5 1.142 77.4 108 453 4.50 88.34 3.85 71.59 67.78 

RES/1/RCP8.5 1.139 70.8 110 491 8.50 88.04 3.94 64.93 67.55 

RES/2/RCP0 1.145 83.3 106 563 0.00 88.62 3.75 78.30 68.00 

RES/2/RCP2.6 1.141 74.6 109 222 2.60 88.19 3.90 68.70 67.66 

RES/2/RCP4.5 1.140 72.0 110 027 4.50 88.05 3.94 65.94 67.55 

RES/2/RCP8.5 1.137 67.3 111 482 8.50 87.80 4.02 61.13 67.36 

CHP/1/RCP0 1.160 93.1 102 832 0.00 88.66 3.54 104.67 70.56 

CHP/1/RCP2.6 1.154 81.0 109 744 2.60 90.24 3.74 84.20 68.56 

CHP/1/RCP 4.5 1.152 77.4 111 758 4.50 90.72 3.81 78.78 67.93 

CHP/1/RCP 8.5 1.148 70.8 115 303 8.50 91.62 3.92 69.80 66.79 

CHP/2/RCP0 1.155 83.3 108 377 0.00 89.94 3.69 88.18 68.97 

CHP/2/RCP2.6 1.150 74.6 113 323 2.60 91.17 3.87 74.66 67.35 

CHP/2/RCP 4.5 1.148 72.0 114 773 4.50 91.55 3.92 70.97 66.85 

CHP/2/RCP 8.5 1.146 67.3 117 336 8.50 92.24 4.02 64.73 65.94 

WH/1/RCP0 1.110 93.1 122 879 0.00 100.00 6.84 89.83 60.32 

WH/1/RCP2.6 1.103 81.0 125 800 2.60 100.00 7.13 77.23 60.32 

WH/1/RCP 4.5 1.101 77.4 126 675 4.50 100.00 7.23 73.63 60.32 

WH/1/RCP 8.5 1.097 70.8 128 246 8.50 100.00 7.40 67.39 60.32 

WH/2/RCP0 1.105 83.3 125 180 0.00 100.00 7.06 79.93 59.78 

WH/2/RCP2.6 1.099 74.6 127 311 2.60 100.00 7.32 71.02 59.16 

WH/2/RCP 4.5 1.098 72.0 127 949 4.50 100.00 7.40 68.45 58.96 

WH/2/RCP 8.5 1.094 67.3 129 093 8.50 100.00 7.54 63.95 58.60 

*scenarios with global warming RCP2.6 marked in bold 

To achieve the highest degree of decarbonization, each criterion ought to be either minimized or maximized 
(table 5 – optimal value), thus creating a multi-objective optimization task. 
Considering that the common trends of clusters of different global warming scenarios (RCP2.6, RCP4.5 and 
RCP8.5) are similar, scenarios with the level of representative concentration pathways RCP2.6 are analysed 
below. The sustainability of a DH system is determined by the optimal values of eight criteria, which tend 
towards the maximum (avoided CO2 emissions from DH system, share of renewable energy sources, share of 
recovered heat from waste heat) or minimum values (primary energy factor, specific heat consumption for 
heating in buildings, radiation forcing, avoided CO2 emissions costs, heat tariff). The table 5 shows that more 
optimal criteria values are provided by the scenarios in which the waste heat is integrated into the DH system. 
Determining the sustainability of other scenarios is not straightforward, because, for example, scenario 
CHP/1/RCP2.6 compared to scenario RES/1/RCP2.6 achieves the biggest share of RES and most avoided 
CO2 emissions, but the heat tariff and avoided CO2 emissions costs are higher. The TOPSIS multi-criteria 
analysis method was used for sustainability evaluation of different scenarios the TOPSIS method was used.  



 

 

Figure 2. Results of sustainability assessment of DH development scenarios. 

Figure 2 depicts the results of the multi-criteria analysis, which shows the ranking of all scenarios from the 
least sustainable to the most sustainable by expressing the closeness to the most ideal (sustainable) scenario.  

 

Figure 3. Share of technologies in different development scenarios in 2050. 

The graph also includes low and average benchmark limits of sustainability for DH system development. The 
decarbonized scenarios, which characterize the sustainability vision, are defined by the penetration of several 
sustainable technologies in the DH system. Therefore, one of the main criteria determining the placement of 
the DH system’s development scenario in the limits of the low, medium, or high level of sustainability is the 
mix of technologies used in heat energy production. 

Figure 3 depicts share of technologies in all researched development scenarios. The scenarios in which the 
DH company continues to use natural gas in boilers and cogeneration plants show less sustainable results of 
performance. For example, scenarios RES-NG/1/RCP2.6 and RES-NG/2/RCP2.6 show the lowest 
sustainability level of the DH system performance (closeness to ideal solution  - 0.31 and 0.38 for scenario 
RES-NG/1/RCP2.6 and RES-NG/2/RCP2.6, respectively), because in these scenarios the share of natural gas 
technologies is the highest and achieve approximately 27%. As described above, the highest level of 
sustainability is shown by scenarios (WH/1/RCP2.6 and WH/2/RCP2.6) that use RES for heat production, but 
also envisage the integration of waste heat into the DH system. Parameters of the closeness to ideal solution 
are 0.76 and 0.84 for these scenarios respectively. Six scenarios are within medium sustainability. Competing 
among these scenarios are scenarios that envisage CHP technology as a priority (CHP/1/RCP2.6 and 



 

CHP/2/RCP2.6) and scenarios in which the RES is used in biomass chips (RES/1/RCP2.6 and 
RES/2/RCP2.6). Even though the CHP/1/RCP2.6 and CHP/2/RCP2.6 scenarios have higher avoided CO2 
emissions (109,744 tCO2/year and 113,323 tCO2/year) compared to RES/1/RCP2.6 and RES/2/RCP2.6 
scenarios (107,330 tCO2/year and 109,222 tCO2/year), the latter generally show the best sustainability 
(closeness to ideal solution - 0.54 and 0,59 opposite 0.5 and 0.58), because the heat tariff and the cost of 
avoided CO2 emissions are the lowest in them. Higher costs in scenarios that prioritize CHP technology are 
determined by the relative cost of these technologies compared to boilers (see chapter 2.3).  

3.2. Results of decarbonization assessment of DH development 

The choice of heat production technologies and related fuels determines the amount of CO2 emissions that 
will be emitted and the costs of these technologies. As a result, the costs of avoided emissions are calculated, 
which are then compared with CO2 emission quotas.  

 

Figure 4. The corelation between the avoided CO2 emissions costs and the amount of avoided CO2 emissions. 

Figure 4 shows the corelation between the avoided CO2 emissions costs (economy criteria) and the amount 
of avoided CO2 emissions (environmental criteria) and is based on one-objective optimization, where the 
economic objective function includes both the amount of avoided emissions and also indirectly used heat 
production technologies, that are strongly connected with the energy parameters of heat production. As a 
result, we can conclude that acquired dependence characterizes both environmental and economy criteria and 
indirectly also energy. A Pareto front limits the potentially possible solutions of DH development scenarios, in 
which we will be able to achieve the maximum amount of avoided CO2 emissions by lowest their cost. Despite 
the fact that both scenarios including waste heat integration into the DH system have the highest closeness to 
the ideal solution, they ensure the highest amount of avoided CO2 emissions (125,800 tCO2/year and 127,311 
tCO2/year for scenarios WH/1/RCP2.6 and WH/2/RCP2.6 respectively). The costs of avoided CO2 emissions 
are not the lowest because the implementation of scenarios with waste heat need installation of heat pump 
technologies with relatively higher investment comparison to biomass boilers. Nevertheless, both scenarios 
(WH/1/RCP2.6 and WH/2/RCP2.6) allow to achieve the highest CO2 emissions reduction and, as a result, a 
higher level of DH system decarbonization – 80.3% and 81.2%.  The lowest costs of avoided CO2 emissions 
are in scenarios RES/1/RCP2.6 and RES/2/RCP2.6. These are 75.45 and 68.70 EUR/tCO2 per year in 
scenarios respectively. The DH system decarbonization level in these scenarios is lower and achieve just 68.5 
and 69.7 for these scenarios. The indicators of the worst-case scenarios coincide with the results of the multi-
criteria analysis and provide only 53.4% and 55.4% reduction of CO2 emissions (RES-NG/1/RCP2.6 and RES-
NG/2/RCP2.6). The price level of quotas of CO2 emissions in 2022 was 80.6 EUR/tCO2 [16]. This price could 
be an additional argument for decision makers by choosing the implementation of a specific scenario. 

4. Conclusions 
The paper presents an evaluation of the DH systems’ transition towards carbon neutrality by the 
implementation of WH and by using AHP, high-efficiency CHP and RES technology in various development 
scenarios. Based on an algorithm that combines the SD model with the TOPSIS method, the economic, 
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environmental and energy criteria were considered, and development scenarios were evaluated to find the 
best decarbonization strategy for the DH system of Riga. 
The application of MCA allows to determine the closeness of each specific DH system development scenario 
to the ideal solution considering eight energy (Primary energy factor, specific heat consumption for heating), 
environmental (avoided CO2 emissions from DH system, radiation forcing, share of renewable energy sources, 
share of recovered heat from waste heat), and economy (avoided CO2 emissions costs and heat tariff) 
parameters. The result of the multi-criteria analysis is a list of scenarios sorted in one of three sustainability 
classes: high, medium, or low.  
The highest level of sustainability is shown by scenarios WH/1/RCP2.6 and WH/2/RCP2.6 that use 100% RES 
for heat production including approximately 7% of waste heat integration into the DH system. Parameters of 
the closeness to ideal solution are 0.76 and 0.84 for these scenarios respectively. These scenarios allow to 
achieve the highest CO2 emission reduction by 80.3% and 81.2% (WH/1/RCP2.6 and WH/2/RCP2.6 
respectively). 
The correlation between the avoided CO2 emissions costs and the amount of avoided CO2 emissions is 
presented and provides one-objective optimization. A Pareto front depicts the potentially possible solutions of 
the DH development scenarios, in which the maximum amount of avoided CO2 emissions can be achieved 
with the lowest cost. The lowest costs of avoided CO2 emissions can be achieved in scenarios RES/1/RCP2.6 
and RES/2/RCP2.6, there are 75.45 and 68.70 EUR/tCO2 per year, for abovementioned scenarios 
respectively. 
The hybrid model provided in this paper couples SD modelling and multi-criteria analysis and allows, on the 
one hand, the ranking of the selected transition scenarios according to their sustainability score and, on the 
other hand, to benchmark the results of developed scenarios against a carbon neutral DH system. In the future, 
decision makers can evaluate strengths and weaknesses in each case of specific scenarios.  
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Abstract:
The Paris agreement is the first-ever universally accepted and legally binding agreement on global climate
change. It is a bridge between today’s and climate-neutrality policies and strategies before the end of the
century. However, government and private companies still struggle to develop cost-effective carbon-neutral
strategies. Energy system modeling has proved essential in creating strategies to generate carbon-neutral
scenarios under minimal costs.
However, cost minimization does not necessarily lead to publicly acceptable solutions nor generate configura-
tions that minimize environmental impacts.
Here we show a methodology to integrate LCIA indicators in an energy system model, assessing the impact
of energy system configurations on economic and environmental aspects.
Here we show a methodology to integrate life cycle assessment metrics in an energy system model to account
for (i) emissions and impacts beyond the operation of the energy system itself and (ii) identify configurations
optimizing both economic and environmental aspects. The model is applied to the case study of Switzerland
and shows that with little modifications to the energy system configuration, carbon neutrality can be reached
under the cost minimization objective while identifying trade-offs with other environmental issues.
This work allows the generation of MOO of energy systems, minimizing burden shifting of environmental
impacts and generating robust solutions for the energy transition, increasing social acceptance towards the
biggest challenge of the 21st century.
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1. Introduction
1.1. Background
With the increasing strength and frequency of climate change events, the urgency to mitigate climate change
impact is ever so important as today.
The IPCC reports highlighting the importance of the international coalition to reduce GHG from human activities
to limit global warming to 1.5 - 2◦C, compared to pre-industrial levels.
As a response, the Paris Agreement, resulting from the COP21 in 2015, required all signers to submit ever
more ambitious NDC every five years, listing mid and long-term emissions reduction objectives.
Companies, such as [1] and IRENA, evaluate whether NDCs are on track with the 1.5 - 2◦C scenarios and
advise countries for improvement.
Interest in energy system modeling has increased due to growing concern for sustainable development and
the transition towards renewable energies.
LCA, which studies other environmental impacts, such as ozone layer depletion or particulate matter formation,
has also grown exponentially in the past two decades [2].
When planning for a low-carbon energy system, one has to consider other impacts of AoP to monitor potential
environmental burden shifting. Thus, this project’s methodology aims to integrate LCA and LCIA within Energy
System Modelling to monitor and optimize climate change impacts, human health, and ecosystem quality.
1.2. Literature review
In addition to the economic optimization classically used in energy system designs and operations, the focus
on Life Cycle Analysis calculation is rapidly gaining momentum. While LCA is mainly applied to small-scale
technologies [3–5], more complex systems such as processes [6], plants [7] and buildings [8] were analyzed
in recent years. This evolution depicts a will to shift from small-scale towards bigger-scale energy systems.
Small-scale systems are optimized on multi-objective functions (OF), integrating economic and environmen-
tal impacts. On the contrary, more extensive systems assess LCA indicators, using either post-calculation or
solely focusing on the Climate Change indicator, which represents emissions of GHG emissions.



Therefore, energy system modeling at regional and national levels is currently based on economic optimiza-
tion, while LCA indicators take a secondary place. [9] assessed the impact of a biomass-based energy system
in Europe while optimizing the economic OF and monitoring LCA indicators with post-calculation on the energy
system structure. [10] analyzed the electricity demands of the German energy system, focusing on the MOO
of economic and Climate Change OFs.
A global energy system model has been developed by [11], generating robust solutions by optimizing the Swiss
energy system on economic and environmental aspects by integrating the climate change indicator. [12] went
one step further by not only assessing the climate change indicator but integrating the carbon mass flow con-
servation to the model by Moret.

While LCA optimization is a hot topic in current research, none of the previously cited literature integrates at
the same time (i) the generation of a national model with all global energy demands, (ii) the direct optimization
of multiple AoP within one model, (iii) and uncertainty.
1.3. Objectives and contribution
This project is based on ES using MILP to define a Swiss energy model through point-average consumption
assumption [13]. It is also based on integrating LCA endpoint indicators for environmental impact optimization
over three different AoP to compare resulting energy systems with purely economic optimization [14]. The
goal is to analyze Switzerland’s potential to decarbonize its energy system by 2050 while accounting for other
environmental impacts and avoiding shifting the environmental burden.
Several research questions have been identified to tackle this project, which can be divided into three central
problems.

• Single-objective optimization of LCA impacts in energy systems modeling

• MOO of LCA impacts in energy systems modeling

• Application of regional LCA modeling to the Swiss energy system

These questions will be treated by answering the following questions:

• How to characterize technologies in LCA?

• How to integrate LCIA in energy systems modeling?

• How to monitor LCA indicators in energy systems modeling and assess the resulting system’s perfor-
mance?

• Does a low-carbon Swiss energy system lead to environmental impact shifting?

• What is the effect of MOO on the energy systems configuration?

2. Methodology
2.1. Modelling Framework
Integrating LCIA in energy system modeling has been accomplished by Brun et al. [14], adapting the existing
MILP EnergyScope framework developed by Moret et al. [11], Li et al. [12] and Schnidrig et al. [13]. En-
ergyScope models a global multi-energy model at a monthly averaged basis under the constraint of mass
and energy conservation between demands and resources. The demands are categorized into four sectors
(households, services, industry, and transportation) and three energy demand types: (i) electricity at four volt-
age levels, (ii) heat distinguished between process heat, space, and water heating, and (iii) mobility split in
passenger and freight mobility. The resources are either available within the studied region or imported from
outside. ES is written as MILP Problem in AMPL and optimizes the configurations, which are determined
through the key decision variables F and Ft, modeling the installation size and the temporal use of the tech-
nologies.

2.1.1. Economic objective

The primal OF of EnergyScope has been previously the total cost Ctot (Eq. 1). The total cost is calculated
as the sum of the technologies’ (tec ∈ T EC) annualized investment Cinv and maintenance Cmaint (Eq. 3) cost
affected by F, and the temporary variable as of the resources (res ∈ RES) operation cost Cop (Eq. 4).



Ctot =
∑
tec

(Cinv(tec) · τ (tec) + Cmaint(tec)) +
∑
res

Cop(res) (1)

Cinv(tec) = cinv (tec) · (F(tec) − fext (tec)) (2)
Cmaint(tec) = cmaint (tec) · F(tec) (3)

Cop(res) =
∑

t

cop(res) · Ft(res, t) · top(t) (4)

∀ res ∈ RES, tec ∈ T EC, t ∈ PERIODS,

2.1.2. Carbon emissions objective

Li et al. [12] integrated the carbon balance and thus the resulting net emissions secondary objective, measured
by the CO2 equivalent Emissions. These emissions are modeled by considering technology-specific layers
containing CO2. The different CO2 layers are categorized into five classes c ∈ C − LAYERS (captured,
sequestrated, stored, emitted to atmosphere). The technology conversion factor η [tCO2/GWh] is valid for all
periods t (Eq. 5) and is either positive or negative, allowing to model net emission limits ϵ (Eq. 6).

Emission(t) =
∑
tec

Ft(tec) · top(t) · η(i , c) ∀ tec ∈ T EC, t ∈ PERIODS, c ∈ C − LAYERS (5)∑
t

Emission(t) ≤ ϵ ∀ tec ∈ T EC, t ∈ PERIODS (6)

2.1.3. LCIA objectives

The environmental OF variable LCIAtot(i) is constructed by combining the total cost composition, splitting in
a constant (investment) and variable (operation) part and the technology-specific impact of the carbon flow
model, where the impact of resources is integrated into the use of technologies: For each indicator i (Eq. 7 &
table 3), LCIAtot(i) is defined as the construction of the technology related to the installation size F (Eq. 8), and
the operation of the technology proportional to its use Ft (Eq. 9). Finally, the construction impact is divided by
the technologies’ lifetime n.

LCIAtot(i) =
∑
tec

(LCIAconstr(i , tec) · 1
n(i)

+ LCIAop(i , tec)) (7)

LCIAconstr(i , tec) = lciaconstr (i , tec) · F(tec) (8)

LCIAop(i , tec) = lciaop(i , tec) ·
∑

t

Ft(res, t) · top(t) (9)

∀ i ∈ IND, tec ∈ T EC, t ∈ PERIODS,

2.2. Life Cycle Impact Assessment
LCA aims to evaluate the environmental impacts of a product throughout its life cycle. The approach usually
considered is the cradle-to-grave, which starts with the extraction of raw materials and ends in the disposal of
the product through recycling, landfill, or incineration. The fur stages of LCA consist of [15] (i) Definition of goal
and scope phase, (ii) item Life cycle inventory (LCI) phase, (iii) Life cycle impact assessment (LCIA) phase,
and (iv) Interpretation phase

2.2.1. Definition of goal and scope

Each technology is characterized separately to integrate an LCIA into the energy system model correctly. Every
technology is defined by two products, one related to its construction and one for its operation, modeling the
cradle-to-grave approach. Their functional units depend on the end-use categories the technology belongs to,
where their units are reported in table 1.
2.2.2. Life cycle inventory

The LCI was computed using a matrix approach instead of a sequential one. The matrix method easily inte-
grates feedback loops in product systems and avoids the explicit computation of scaling factors when the final
demand vector f is known (Table 2).
The technology matrix A defines the exchanges between products. Its columns represent products, processes,



Table 1: Functional unit of the ES technologies’ operation and construction products, depending on the end
use category it belongs to.

End use categories Unit of the technologies
Operation Construction

Electricity GWh GW
Heat (low and high temperature) GWh GW

Mobility freight Mtkm Mtkm
h

Mobility passenger Mpkm Mpkm
h

or services, with each row representing its respective input or output. A is square, and its columns are linearly
independent; thus, it is invertible. The matrix F defines the elementary flows for each process related to direct
emissions. Both matrices are defined inside the Ecoinvent database [16]. The final demand f was defined as
an all-ones vector; thus, the LCI represents each specific technology’s total emissions per functional unit (table
1). The scaling factor vector s and the life cycle inventory vector g are defined as follows:

s = A−1 · f (10)

g = LCI = F · s = F ·
(
A−1 · f

)
(11)

Table 2: Notation used in the life cycle inventory phase of the LCA

Notation Name

A Leontief technology matrix
F Matrix of elementary flows
f Final demand
s Scaling factor
g Life cycle inventory

2.2.3. Life cycle impact assessment

Seventeen mid-point indicators are categorized as endpoint levels into three main AoP for the LCIA: HH, EQ,
and CC. Twenty-three endpoint indicators were considered in the matrix IW+, based on the impact assessment
method IMPACT world+ [17] (table 3). IW+ is multiplied by the LCI g to get the impact result matrix R:

R = IW+ · g (12)

2.2.4. Technology characterization

EnergyScope was run on a national scale on economic optimization to identify which technologies to charac-
terize in LCIA, allowing to make a trade-off between characterization time and methodology development.
Data collection was then performed, mainly with the Ecoinvent 3.8 database. The tools used to create the
Leontief matrix A and the elementary flow matrix F directly from the database were given by [18]. The initial
Leontief matrix directly resulting from the ecoinvent database was modified as follows :

Anxn
ES = Inxn − Anxn

ecoinvent (13)

n represents the total number of products in the database, and Inxn is an identity matrix of size n to align with
the convention used in ES. Namely, negative values represent input flows or products, and positive values
represent output flows or products, with an all-one diagonal to yield an invertible matrix.
In EnergyScope, conversion technologies are characterized by their construction and operation impacts. A
similar decomposition of impacts was used for the LCIA. First, the products representing a technology’s con-
struction and operation were identified using data collection. In LCA, the impact of a technology’s operation
intrinsically considers the impact of its construction. Hence, to avoid the impacts of double counting, the con-
struction of a technology needed to be discarded from matrix A. Then, new columns and rows are added to
the matrix A to create a new matrix A′, illustrated in figure 1. The size of the new technology matrix and the
number of operation products will increase A′ characterized by n’ for a final dimension of A

′(n+n′)x(n+n′).
New columns are added to the emission flows matrix F (fxn), where f is the number of emissions flows in the
database for matrix multiplication compatibility. The new columns correspond to the emission flows related to
P ′

op, which are the same as the flows of the original product Pop, creating the new matrix F
′(fx(n+n′)).



Table 3: Table summarizing mid- and endpoint indicators, with the respective ones used for their integration in
ES and the AoP they belong to according to IMPACT World +.
The unit of the endpoint indicators is expressed in kgCO2-eq for Climate Change (CC). The impact of Ecosys-
tem Quality (EQ) is given in PDF·m2·year, representing the Potentially Disappeared Fraction of species on a
one m2 surface during a year. Finally, the impact on Human Health (HH) is expressed in DALY, the Disability
Adjusted Life-Years, representing the loss of the equivalent of one year in perfect health.

Midpoint level indicator Endpoint level indicator Abbreviation AoP
Climate change Climate change, short term CCST CC

Freshwater acidification Freshwater acidification FWA EQ
Freshwater ecotoxicity Freshwater ecotoxicity, short term FWEXS EQ

Freshwater eutrophication Freshwater eutrophication FWEU EQ

Human toxicity cancer Human toxicity cancer, long term HTXCL HH
Human toxicity cancer, short term HTXCS HH

Human toxicity non-cancer Human toxicity non-cancer, long term HTXNCL HH
Human toxicity non-cancer, short term HTXNCS HH

Ionizing radiation Ionizing radiation, ecosystem quality IREQ EQ
Ionizing radiation, human health IRHH HH

Land occupation Land occupation, biodiversity LOBDV EQ
Land transformation Land transformation, biodiversity LTBDV EQ

Marine acidification Marine acidification, long term MAL EQ
Marine acidification, short term MAS EQ

Marine eutrophication Marine eutrophication MEU EQ
Ozone layer depletion Ozone layer depletion OLD HH

Particulate matter formation Particulate matter formation PMF HH
Photochemical oxidant formation Photochemical oxidant formation PCOX HH

Terrestrial acidification Terrestrial acidification TRA EQ
Thermally polluted water Thermally polluted water TPW EQ

Water availability
Water availability, freshwater ecosystem WAVFWES EQ

Water availability, human health WAVHH HH
Water availability, terrestrial ecosystem WAVTES EQ

Figure 1: On the left-hand side : Initial technology matrix Anxn. On the right-hand side: New technology matrix
A

′(n+n′)x(n+n′). n represents the total number of products in the database, and n′ represents the number of
conversion technologies characterized.
Example for a single technology: Pop represents the ecoinvent product for operating a certain technology.
Pconstr is the ecoinvent product related to the construction of the same technology. The matrix A′ contains
an additional column and row, with P ′

op representing the operation of the technology while disregarding its
construction, allowing later to compute the isolated impact of the operation

To assess the impact on the selected region, provincial data was selected. The following best resolution was
used when unavailable: national, continental, or global. This methodology was applied to the technologies
installed on economic optimization.



2.2.5. LCIA Integration in Energy System Modelling

After adding the technologies’ operation products, they discarded their relations with their respective construc-
tion products (defined as P ′

op) in the technology matrix A. Their respective LCI was computed by multiplying
the new elementary flow matrix F ′ by the new technology matrix A′.

The subsequent step of the LCIA was to convert the emissions to their functional units (table 1.)
Most construction technologies are characterized by ”units.” Therefore, to convert the input-output and emis-
sions flow to the ES functional unit, the capacity was defined as :

Capacity =
GW 1

unit · cp(i) · timetot · ni
(14)

1 : [GW[] is only for electricity and heat, but [Mtkm] for freight mobility and [Mpkm] for passenger mobility.

Each technology LCI was multiplied by the impact matrix IW+, as in equation 12. This resulted in the impact
matrix R as defined for the construction and operation per technology and region.
2.2.6. Assumptions

Regarding mobility, ecoinvent car products are defined per km. For unit conversion, 1.6 people per car are
estimated for Switzerland, according to [19].
Technology maintenance and transportation impact are mainly accounted for within the operation. However,
it is not always explicitly detailed. Therefore, the choice was not to isolate the technologies’ maintenance and
transport impacts but to keep them as part of the operational impact.
2.3. MOO
MOO (MOO) is a field of multi-criteria decision-making that deals with mathematical optimization problems
in which multiple OFs must be optimized simultaneously. MOO has proven to be a valuable tool in energy
planning, where the decision-maker has to select between two or more competing objectives. For example,
EnergyScope traditionally optimized one OF only [11, 12, 20] or proceeded to bi-objective optimization with
environomic Pareto curves generation in specific cases [19]. MOO consists of finding a single solution that
fulfills the arbitrary preferences of the human decision-maker, locating a sample collection of Pareto optimum
solutions, and quantifying the trade-offs involved in achieving various goals.

This work has realized the MOO by integrating the LCIA OFs l ∈ LCIA − I ⊂ OF as constraints under
the economic optimization (Eq. 15), defining the technology size F and use Ft. The weighting (Eq. 16)
allows processing through the multidimensional Pareto-Curve in between the extreme points identified at mono-
objective optimization, where ω(j) = 1 and ω(i) = 0, ∀i ∈ OF \ {j}.

min
F,Ft

Ctot (15)

s.t. fobj(i) ≤ ω(i) · f max
obj (l) + (1 − ω(i)) · f min

obj (l) (16)

∀ i ∈ OF = COST ∪ LCIA

To account for the solution space of the MOO, a Monte-Carlo approach [21] on the weights ω is applied. The
decision variables define the modeled solution space under varying weighting parameters ω(i) (Eq. 17). The
probability of appearance of ω(i) follows a uniform distribution U(0, 1) (Eq. 18).

F(i), Ft(i) : f ((F(i), Ft(i)),ω(i)) (17)
s.t. ω(i) = P(ω̃, U(0, 1)) (18)



3. Results
3.1. Case study
The methodology above is applied to the case study of Switzerland, aiming at following the energy strategy
Energieperspektiven 2050+ (EP50+) [22]. EP50+ analyzes the development of an energy system compatible
with the long-term climate goal of net zero greenhouse gas emissions in 2050 while ensuring a secure energy
supply without nuclear power. While EP50+ defined several variants of this scenario, differing in terms of a
different mix of technologies and a different speed of expansion of renewable energies in the power sector, we
consider within this study only the demands estimation, the potentials of energy vectors, and the constraints of
carbon-neutrality and no nuclear power.
Demands
EP50+ decomposed the final energy demand evolution by sector in 5 years interval [22]. Taking the energy
demand of 2019 [23] being split into the energy categories, allows us to extrapolate the specific energy demand
by category to the sectoral energy demand estimation for 2050 (Tab. 4).

Table 4: Annual final energy demand per sector and energy type 2050.

Households Services Industry Mobility

Electricity LV [GWh] 9818 9154 0 0
Electricity MV [GWh] 0 1407 3173 0
Electricity HV [GWh] 0 0 5350 0
Electricity EHV [GWh] 0 0 0 0
Heat HT [GWh] 0 183 5855 0
Heat LT SH [GWh] 31849 6994 1965 0
Heat LT HW [GWh] 6322 1605 393 0
Freight [Mtkm] 0 0 0 21106
Passenger [Mpkm] 0 0 0 74590

Potentials
We model an independent energy system, limiting the imports of any energetic vector to zero to achieve the
goal of security of supply. Therefore all primary energy needs to originate from the studied region, defined by
the potentials (Tab. 5). Furthermore, contrary to EP50+, we model the technical potential of the resources, as
economic potential is subject to arbitrary and uncertain estimation of future renewable energy markets.

Table 5: Annual resources and renewable energy technologies potential.
The values in brackets for the hydropower technologies correspond to the potential with reinforcement.

Resources Waste Fossil Waste Biomass Wood Wet biomass Hydro Storage

[GWh] 10833 8917 15278 12472 8900

Technologies Geothermal Hydro Dam Hydro River PV Wind

[GW] 4.8 8.08 (8.52) 3.8 (4.65) 67 20
[GWh] 42.08 17.48 19.726 66.4 40.3

3.2. Mono-Objective Optimization
In the first step, every single OF is optimized individually, allowing to determine the maximum value f min

obj and
f max
obj necessary for the normalization in the MOO. The tracking of the OF values on individual optimization is
represented in Figure 2. For each optimization, the other OF values are at their maximum value, indicating
significant differences in configurations and operations.
By digging into the energy system configurations of the respective individual optimizations via the cost compo-
sition (Figure 3), only the cost minimization is distinguished in a major way from the other configurations. The
LCIA indicators minimization leads to higher investment costs at an almost equal level, similar to the obser-
vation in Figure 2). From the point of view of investments, the main difference is the deployment of massive
quantities of PV, reaching the potential of PV (50 GW) in addition to geothermal electricity generation, while
the wind share is reduced.
The discrepancy between wind and PV leads to a higher dephasing between the generation of electricity in
Summer and consumption and winter, which affects the necessity of installing seasonal storage in the form of
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Figure 2: OFs values comparison for mono-objective optimizations. Each sub-figure corresponds to an individ-
ual optimization. The height of the segments corresponds to the OF’s relative variation to the 2020 reference
scenarios OFs values [%].

natural gas between 7800 GWh-12 450 GWh. Hydro Dams are used in pumping and storing at their respec-
tive maximum capacity of 8900 GWh, leading to a combined maximum seasonal storage potential of up to
21 350 GWh.
The switching towards methane storage furthermore affects the service sector; on one side, while biomass still
is converted in gaseous energy carriers, the excess electricity is converted into hydrogen via fuel cell technolo-
gies, such as SOEC, PEM, or Alkaline Electrolysis for a cumulative electrolysis capacity of 0.6 GW - 2.8 GW.
The additional gas production is transported in the existing methane infrastructure, while only minor invest-
ments in the construction of local Hydrogen infrastructure have to be made (0.8 GW-1.4 GW). Therefore, min-
imizing LCA indicators tends to limit the reinforcement of energy transportation infrastructure to a minimum.

The LCA indicators can be split into indirect (construction) and direct (operation) emissions (Figure 4), where
we can identify the highest contributor sectors to the respective OFs. While cost minimization leads to a highly
operation-intensive energy system environmental impact, the LCIA OF configurations have a lower impact on
the operation side of the technologies and minimize the technologies’ constructions individually while reaching
the maximum value in the other indicators construction.
The sectors of mobility, hydropower, and electricity generation dominate the LCA indicators. The mobility sector
mainly affects the operation, as technologies using methane release CO2 in operation, which is not captured
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yet. Methane-powered vehicles are used for road freight transport in the cost minimization, while lower shares
of methane-powered fuel cell vehicles in public transport are used in the LCA minimizations.
The hydro dam construction impact significantly impacts the EQ indicator while minimizing CC due to deploying
new hydro dams. Differences in the operation between the optimizations can be explained by a different
operation strategy of the hydro dams in the cost minimization scenario.
The electricity generation impact is visible on the construction side, where the impacts are shifted to minimize
the respective indicator in the optimization. In this category, the concurrence between the installation of new
hydro dams for CC minimization, installation of Hydrothermal gasification CHP in the HH minimization, and
combined cycle gas turbines for the EQ minimization is visible, as the respective technologies have a minor
impact on the specific indicator and similar impacts in the other ones.
3.3. MOO
Running the multi-objective optimization (Equation 17) 500 times results in 500 different configurations. The
comparison between those configurations has been made by generating the Pearson correlation coefficient
matrix of the technologies and the OFs. Figure 5 represents the main renewable energy resources installa-
tion capacities. In the upper half, clear correlations between technologies and between OFs are visible. The
biggest correlation is between the OF cost and PV r = 0.94, indicating that further installing PV leads to higher
total costs, or vice-versa; the more money is available, the more PV is installed. A high negative correlation
is visible between geothermal power and wind (r = −1), as geothermal power is only installed as a backup to
the missing wind. Lower correlations are visible between PV and EQ (r = −0.61) and between PV and HH
(r = −0.53). This negative correlation can be interpreted as the lower the indicator; the more PV must be
installed.
Meaningful correlations r ≥ 0.5 between OFs can only be observed between costs and EQ (r = −0.56) and
HH (r = −0.55), respectively, showing a negative correlation between the environmental indicators and the
costs. The weak correlation between costs and climate change can be explained by the analyzed case study,
modeling a carbon-neutral energy system, where CO2 emissions highly contribute to the CC indicator.

The lower half represents the scatter plot of the different solutions. Observing the Pareto-front between the
environmental indicators is possible when taking the total cost column. The points outside the Pareto-front are
due to low weighting on the cost indicator. The strong correlation between cost and PV can be observed, as
the points almost perfectly line up on EPV [GW] = 20

3 [ GW
GCHF ] · C tot [GCHF] − 91.7[GW] between 15 GW-35 GW.
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Figure 4: LCIA impacts composition for mono-objective optimizations. The secondary axis displays the in-
stalled storage capacity. Case study Switzerland 2050 independent and CO2-neutral, without nuclear power.

Observing the other scatter point patterns in the LCA indicator columns allows us to identify the reason for the
low correlation: The point distributions fill out the observed area in a well-distributed pattern, generated by the
Monte Carlo method (Eq. 18).
Comparing the effect of the primary renewable resources, we can observe that PV is generating a Pareto-
curve for all OFs; generating an upper border for PV, which is validated with the positive correlation, a lower
horizontal border with CC and concave lower borders for the EQ and HH indicators.
Wind (20 GW) and geothermal (0 GW) are almost constant throughout the scenarios, except for only three
outliers can be identified, installing 16 GW (-4 GW) of wind, which is compensated by 0.8 GW of geothermal
power. This low variation also explains the low correlation validity ρ between those two technologies and the
other indicators.

4. Conclusion
This work generated an LCIA database of technologies within a global energy system by characterizing over
200 technologies. This database allowed us to assess the impact of the energy system on environmental in-
dicators by integrating their impact directly into the optimization rather than post-calculating it. The integration
was achieved by splitting the LCIA impact into direct (operation) and indirect (construction) emissions related
to the installation and use of the technologies within the global energy system MILP model EnergyScope.

The results have been generated by applying the framework to the case study of a CO2 neutral and energy-
independent Swiss energy system 2050. The individual optimizations show different configurations, where the
economic and environmental burden is shifted to the other indicators depending on the objective. Independent
of the scenario, the deployment of high shares of renewable energy in the form of PV, wind, hydropower, and
biomass gasification is observed. The scenarios are distinguishing, in the end, uses sector, where different
mobility types for long-distance public and freight mobility are selected: While cost-optimization prefers to re-
inforce the electric distribution grid, environmental aspects limit the reinforcement to a maximization of the use
of existing infrastructure, leading to the gasification of the mobility sector.

The correlations between the main renewable technologies and the OFs are strongly dominated by economic
optimization, drawing Pareto-fronts. The quantity of PV installed depends on the weight put on the environ-
mental indicators, where the economic optimum is located at 16 GW. In contrast, more substantial weights on
the LCA indicators lead to more deployed PV and higher costs. Wind and Geothermal energy stay constant,
with some outlier exceptions (< 0.6%), which needs further investigation with more runs. While low correla-
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Figure 5: Pearson correlation coefficient matrix. The upper triangle depicts the correlation factor r with the
color gradient and the significance p with the transparency. The diagonal depicts the distribution of the ap-
pearance of the individual variables. The lower triangle represents the observation distribution with the corre-
sponding trend line and confidence interval.

tions between the LCA indicators are observed, the negative correlation between environmental impact and
additional costs could be assessed, except for the climate change indicator, which is intrinsically integrated into
the case study for carbon neutrality, where the carbon emissions are highly affecting the CC indicator.

While already general conclusions on the effect of economic and environmental indicators through the de-
ployment of renewable technologies have been drawn, further work needs to be done in (i) separating the
effect of double-counting in impact analysis by assessing the impact of midpoints, including resource deple-
tion, endpoints and areas of protection, (ii) validating the multi-objective approach on economic optimization
under parametrized environmental variables to generate the LCA-indicators Pareto-fronts, (iii) identifying the
most-optimal solutions by applying multi-criteria decision methods, (iv) dig deeper in correlations between all
technologies and the different indicators, and (v) identify typical energy system configurations by applying suit-
able clustering methods.
Further improving the methodology is necessary to (vi) remove the double-counting of energy system internal
flows throughout scopes II and III. While, for example, electricity has been removed from the operational phase
of using a heat pump, the construction phase still uses electricity based on the current energy system. The
identification of those flows will allow the definition of a prospective LCA database coupled with the energy
system.



Based on this paper’s database and modeling framework, points (i)-(v) are subject to a future publication in
preparation. Point (vi) is subject to a research project over several years in collaboration with CIRAIG.
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Glossary

AoP Area of Protection
CC Climate change
EP50+ Energieperspektiven 2050+ [22]
EQ Ecosystem quality
ES EnergyScope
GHG Greenhouse gas emissions
GWP Global Warming Potential
HH Human Health
IRENA International Renewable Energy Agency
LCA Life cycle analysis
LCI Life cycle inventory
LCIA Life cycle impact assessment
MILP Mixed Integer Linear Programming
MOO MOO
NDC Nationally Determined Contributions
OF OF
PV Photovoltaic
WAVH Water availability impact on human health
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Abstract: 

According to the Intergovernmental Panel on Climate Change (IPCC), greenhouse gas emissions (GHG) 
have increased since 1990. Electricity and heat generation, along with transportation, accounted for more 
than two-thirds of emissions in 2018. As CO2 represents the largest percentage of GHG, the term carbon has 
come to be adopted as a synonym for these gases in climate debates. In order to control emissions, the 
carbon market helps industries/sectors that are not able to meet the emission reduction goals to buy credit 
from the ones that have reduced their levels below the required. Thermoeconomics plays a fundamental role 
in the analysis of thermal systems. Therefore, this study aims to detail how thermoeconomic modeling can 
be used to include expenses or revenues related to the carbon market through an example in a gas turbine 
cogeneration system. In addition, it highlights that this modeling can be used in the internalization of other 
expenses such as environmental control devices, licenses, and permits. Results show that the environmental 
device is capable of internalizing carbon credits and systematically distributing them to the cost of final 
products. 

Keywords: 

Thermoeconomic modeling; Carbon credit; Carbon market; Environmental cost. 

1. Introduction 
According to the Intergovernmental Panel on Climate Change (IPCC) [1], greenhouse gas emissions (GHG) 
have increased since 1990. The combination of electricity and heat generation (cogeneration), along with 
transportation, accounted for more than two-thirds of emissions in 2018 [2]. As CO2 represents the largest 
percentage of GHG, which can cause global warming, the term carbon has come to be adopted as a 
synonym for these gases in climate debates. 

In order to control emissions, the carbon market provides industries/sectors that are not able to meet the 
emission reduction goals the possibility to buy credit from the ones that have reduced their levels below the 
required. One carbon credit corresponds, by convention, to one ton of carbon dioxide. Therefore, it can be 
considered an asset (financially and environmentally), representing the reduction or removal of one ton of 
CO2 equivalent, which has been recognized and issued as a credit in the carbon market, regardless of 
whether it is voluntary or regulated [3]. 

This market is already regulated in some countries, such as in the European Union, which has well-defined 
credit values [4]. Nonetheless, in many others, such as Brazil, this market is still voluntary. Recently, the 
Brazilian government issued a decree [3] to regulate this market and institute the National System of 
Greenhouse Gas Emissions Reduction (SINARE); however, there are still no deadlines for implementation. 
According to the World Bank's 2022 report [5] and IPCC 2023 [6], the carbon market (associated with 
environmental preservation measures) is expanding worldwide, but still below the necessary levels to 
mitigate environmental problems and meet the environmental agenda signed in the Paris Agreement against 
the threats of climate change.  

Thermoeconomics combines thermodynamic and economic concepts to provide pieces of information that 
are unavailable in conventional energetic and economic analyses. The information provided is fundamental 
in the design and operation of thermal systems [7]. The original objective of thermoeconomics was to 
mathematically combine the Second Law of Thermodynamics with economics. However, these analyses 
must also incorporate environmental issues [8]. In thermoeconomics, exergy is the most appropriate 
thermodynamic magnitude to use, because it takes into account aspects of the Second Law of 
Thermodynamics considering the quality of energy, locating and quantifying the irreversibilities of the 
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process [7]. The exergy is also the most appropriate connection between the Second Law and the 
environmental impact because it measures a system's state deviation in relation to the environment [9]. 

Multiproduct thermal system analyses such as cogeneration, in which two products (useful heat and power) 
are generated collectively from a single combustible, require rational criteria for distributing the cost of the 
combustible to the various final products. In these circumstances, thermoeconomics allows rational allocation 
(through physical criteria) of monetary, exergetic, and environmental costs for the final products. Therefore, it 
is possible to compare exergetic/monetary [10–14] and/or environmental [15–18] costs of each product with 
the production cost of each one in separate systems. 

Thermoeconomic methodologies have already been used to include environmental aspects, such as specific 
CO2 emissions. However, they were not used in the internalization of monetary costs associated with 
environmental issues, such as carbon credits. Therefore, the novel concept introduced in this study is to 
exemplify how to perform this internalization thermoeconomically. 

Furthermore, it is observed that thermoeconomics has a fundamental role in energy conversion systems 
analyses. The main goal of this study is to detail how thermoeconomic modeling can be used as a tool to 
include the expenses or revenues relative to the carbon market in thermal systems analyses and allocate 
them to internal and final products of the system. The conventional modeling used to calculate the monetary 
costs of internal flows and final products can be adapted to address these environmental costs. This 
adaptation is detailed in matrix notation, through a case study of a gas turbine cogeneration system. It also 
shows how this inclusion can influence the monetary costs of the system's final products. In addition, it 
highlights that this modeling can also be used to internalize other costs such as environmental control 
devices, environmental licenses, and permits.  

It is important to emphasize that the methodology used herein to exemplify and detail this internalization of 
environmental costs, which is the case of carbon credits, defines a device to represent the environment in 
the thermoeconomic diagrams and thus allocates environmental costs exactly on the environmental device. 
This study uses the H&S Model as the method; however, any other exergy-based thermoeconomic 
methodology that defines this device in a consistent way to represent the environment can be used to 
conduct the analysis in a similar way.  

2. Thermoeconomic modeling 
In addition to the conventional modeling used to determine the monetary and exergetic unit costs of the 
system's internal flows and final products, this section shows how the modeling is generally adapted to 
allocate specific pollutant emissions and further details how carbon credits can be included in 
thermoeconomic modeling. 

2.1. Conventional Modeling 

Equations (1) and (2) are used to determine the monetary (𝑐) and exergetic (𝑘∗) unit costs, respectively, of 

the internal flows and the systems' final products. The allocation of specific (𝜆) pollutant emissions, such as 
CO2, NOx, and SOx can be performed through Eq. (3). In these equations, the subscripts "out" and "in" are 
associated with the outputs and inputs of flows, respectively. Y represents the generic thermodynamic 
magnitude which can be evaluated by power, heat, exergy flows, or its components. 𝐸𝐹 is the exergy of the 

external combustible. 𝑐𝐹 and 𝑘𝐹
∗  represent its monetary and exergetic unit cost, respectively. 𝜆𝐹 is the amount 

of emission generated due to the combustion of one unit of exergy from the external fuel. Z, conventionally, 
is the external hourly cost of the subsystem due to capital and equipment operation and maintenance.  

∑(𝑐𝑜𝑢𝑡 . 𝑌𝑜𝑢𝑡) − ∑(𝑐𝑖𝑛 . 𝑌𝑖𝑛) = 𝑍 + 𝑐𝐹 . 𝐸𝐹  
  (1) 

∑(𝑘𝑜𝑢𝑡
∗ . 𝑌𝑜𝑢𝑡) − ∑(𝑘𝑖𝑛

∗ . 𝑌𝑖𝑛) = 𝑘𝐹
∗ . 𝐸𝐹  

  (2) 

∑(𝜆𝑜𝑢𝑡 . 𝑌𝑜𝑢𝑡) − ∑(𝜆𝑖𝑛 . 𝑌𝑖𝑛) = 𝜆𝐹 . 𝐸𝐹    (3) 

Equation (2) is obtained through Eq. (1). In this case, the Z term should be zero and the exergy unit cost of 
the external fuel (𝑘𝐹

∗ ) is generally considered to be equal to its exergy; therefore, the exergy unit cost is 
equal to 1 kW/kW [7]. 

The monetary and exergetic unit costs can be interpreted as an economic and thermodynamic efficiency 
measure of a flow production process, respectively [7]. On the other hand, the balance represented by Eq. 
(3) can be interpreted as an environmental efficiency measure production process of this flow [16]. 

In all cases, Eqs. (1) - (3), auxiliary equations are generally necessary to complete the modeling equations 
system. These equations are defined according to the applied thermoeconomic diagram. In the case of 
productive diagrams, the equality criterion [19] is used. Following this criterion, all products of a subsystem 
have the same unit cost because they were generated in the same productive process under the same 
irreversibilities.  



2.2. Inclusion of monetary costs of environmental charges  

Equation (3) is used to allocate specific emissions to the internal flows and the thermal systems' final 
products, and, therefore, it is an analysis that considers environmental aspects in thermoeconomic modeling. 
However, it does not take into account monetary costs associated with environmental issues, such as carbon 
credits and environmental treatment/control equipment.  

The Z term (Equation 1) is a key point in the allocation of environmental costs. In a conventional monetary 
cost evaluation, it represents the subsystem's external hourly rate due to the capital, operation, and 
maintenance. Nevertheless, it can also be used for the allocation of environmental costs through a device 
that represents the environment in the thermoeconomic diagrams. An energy conversion system can be 
defined as a set of components that interact with each other and with the environment through a set of flows 
of matter, work, or heat [20]; therefore, the environment is part of the system. Thus, it can be represented by 
an environmental device in thermoeconomic diagrams according to some models.  

Equation (4) shows how a conventional thermoeconomic model of monetary unit cost (Equation 1) can be 
adapted to decompose the term (Z) in hourly costs due to environmental charges ( 𝑍𝑒𝑛𝑣 ) and capital, 
operation, and maintenance costs (O&M). 

𝑍 = 𝑍𝑐𝑎𝑝 + 𝑍𝑂&𝑀 + 𝒁𝒆𝒏𝒗    (4) 

The environmental device has no acquisition cost, but it is through it that environmental charges can be 
internalized and redistributed to the other equipment and the final products. For instance, when installing 
waste control devices in a plant, such as an electrostatic precipitator for ash disposal in flue gas or a bag 
filter for air pollution control, one can attribute the costs associated with its capital and O&M to the 
environmental device or any other equipment, that has the function of mitigating environmental impacts by 
decreasing the amount of GHGs emitted into the atmosphere. 

The same can be done for devices used in the capture and storage of carbon, environmental permits, 
licensing costs, fines for emitting pollutants, and any other abatement cost (cost of resources employed in 
the treatment or proper waste disposal). Thus, allocating the environmental charges exactly on the device in 
the diagram defined to represent the environment. Since the term Z is always associated with some 
equipment, an adequate option is to associate environmental cost with the device that represents the 
environment in the diagrams. 

2.2.1. Inclusion of carbon credits 

In addition to the monetary costs mentioned in the previous section, this paper suggests that through the 
environmental device, it is also possible to take into account the pricing of carbon and internalize the 
expenses or revenues generated by carbon credits. In this case, the 𝑍𝑒𝑛𝑣 term can be positive or negative. 
Negative in case of a revenue generated due to the reduction or removal of emissions (which can generate a 
credit to be sold) and positive in case of an additional cost of buying carbon credits by a plant that failed to 
meet the emission reduction targets and had to buy credits from those that reduced theirs below the 
stipulated levels. The full detail of the thermoeconomic modeling taking this carbon market into account is 
presented in section 3. 

3. Case study – gas turbine cogeneration system  
The thermal system chosen to exemplify how thermoeconomic modeling can be used as a tool for 
internalizing carbon credits is a cogeneration system with a simple gas turbine as shown in Fig. 1. This 
system is composed by an air compressor (AC), combustion chamber (CC), gas turbine (GT), and recovery 
boiler (RB). Part of the power generated by the turbine is used to drive the compressor (WAC). Two final 
products, net power (WN) and useful heat (QU), are generated from a fuel (QF).   

The parameters of the main flows of the physical structure (obtained with the Engineering Equation Solver - 
EES software [21]) can be found in Table 1. Table 2 indicates the quantities of the main productive flows. 
The reference conditions are defined by 𝑇0 = 25 °C and 𝑃0 = 1.0132 bar, and under these conditions the 

CO2 mass flow from the exhaust gases is �̇�𝐶𝑂2
= 2228  kg/h considering natural gas as fuel. More 

information of this system is available in [22]. The monetary unit cost of fuel (natural gas) is 24.04 $/MWh, 
according to the average value for the year 2022 in the international market [23]. 

Table 3 shows the external monetary flows due to the equipment of the cycle. These values were obtained 
from [22] and updated through the Chemical Engineering Cost Index (CEPCI) until the year 2022 [24]. The 
cost of the carbon credit used was 85 $/ton, which represents the average for the year 2022, according to 
[4]. 

The thermoeconomic modeling can be performed through different types of diagrams: physical, productive, 
and comprehensive. Since modeling with the physical diagram is not enough to identify the waste cost 
formation process [22], most methodologies use the productive diagram.  



The description of the cost formation process of thermal systems based on productive flows is an original 
feature of the functional methodologies: Thermoeconomic Functional Analysis (TFA) [19] and Engineering 
Functional Analysis (EFA) [8]. However, other thermoeconomic methodologies, such as the H&S Model [22] 
used in this paper, have also adopted this feature. 

 

 Figure 1. The physical structure: cogeneration system. 

Table 1. Main physical flow parameters of the system. 

Physical flow 
�̇� [kg/s] T [°C] P [bar] 

n. º Description 

1 Air 14.72 25.00 1.0132 

2 Air 14.72 230.20 5.1040 

3 Gases 14.94 850.00 4.8480 

4 Gases 14.94 537.30 1.0207 

5 Gases 14.94 151.10 1.0132 

6 Water 2.487 60.00 20.400 

7 Steam 2.487 212.4 20.000 

 
 Table 2. Quantities of some productive flows (exergetic basis). 

Equipment Flow Quantity [kW] 

Air compressor (AC) WAC 3113.03 

Combustion chamber (CC) QF 11630.96 

Gas turbine (GT) 
WGT 5546.50 

WN 2433.47 

Recovery boiler (RB) QU 2246.32 

 
Table 3. Equipment external monetary cost. 

Equipment Z [$/h] 

Air compressor (AC) 25.33 

Combustion chamber (CC) 9.04 

Gas turbine (GT) 34.37 

Recovery boiler (RB) 21.71 

 

3.1. Thermoeconomic models  

Thermoeconomic modeling can be carried out with the well-known E Model that uses total exergy flows to 
define the physical and/or productive flows of the diagrams. However, in some cases, it becomes necessary 
to disaggregate the exergy into components, such as to isolate dissipative equipment and carry out an 
adequate allocation of the waste cost in thermal systems. One such exergy disaggregation model is the H&S 
Model [22] which describes the behavior of thermodynamic cycles in the h-s plane considering the enthalpy 



and entropy variation of the working fluid, as suggested by [25]. This is a model for disaggregating the 

physical exergy into its enthalpic(𝐸𝐻) and entropic (𝐸𝑆) parts, according to Eq. (5). The total exergy (𝐸𝑇𝑂𝑇𝐴𝐿) 

can be defined by Eq. (6) as the sum of the physical (𝐸𝑃𝐻) and chemical (𝐸𝐶𝐻) components, disregarding 
nuclear, magnetic, electrical, surface tension, kinetic and potential effects [26]. 

𝐸𝑃𝐻 = 𝐸𝐻 − 𝐸𝑆                                                           
  (5) 

𝐸𝑇𝑂𝑇𝐴𝐿 = 𝐸𝐻 − 𝐸𝑆 + 𝐸𝐶𝐻    (6) 

The H&S Model defines the environmental device (ENV) in the productive diagram that interacts with the 
other plant subsystems. In this methodology, this device plays a fundamental role in the analysis of thermal 
systems, especially in the treatment of waste and the internalization of environmental costs. Both the 

physical (represented by 𝐸5:1
𝐻 ) and chemical (𝐸3:2

𝐶𝐻) components of the waste are dissipated in (ENV), see Fig. 
4, and this is where the system receives air from the compressor inlet. The chemical component is generated 
in the CC due to the combustion reaction in which the air and fuel mixture is transformed into combustion 
gases. The E Model does not define a device to represent the environment in the diagram. 

In addition, the environmental device (used in the H&S Model) is also responsible for closing the cycle 
(Figure 2); thus, redistributing the waste costs to the other plant components and consequently to the final 
products. 

Figure 2 represents the cogeneration cycle in the h-s diagram and the numbering in this diagram represents 
the processes performed by the following components: 

● 1-2: compressor (1-2s would be isentropic compression); 

● 2-3: combustion chamber; 

● 3-4: gas turbine (3-4s: isentropic expansion)  

● 4-5: recovery boiler. 

At the exit of the recovery boiler (point 5), the exhaust gases have exergy (therefore, they are waste). 
Although this equipment (RB) slightly reduces the entropy of the working fluid, the cycle is not fully closed. In 
the case of a Rankine cycle, for example, the condenser completely closes the cycle by reducing the entropy 
of the turbine’s output steam to that of the saturated liquid at the pump entrance.      

The device representing the environment in the diagram (ENV) performs process 5-1 and completely closes 
the loop. In this device, flow 5 represents the exhaust gases and flow 1 is the air drawn in by the 
compressor. 

 

Figure 2. The environment device in open cycles. 

3.1.1. Productive diagram  

Figures 3 and 4 represent productive diagrams of the gas turbine cogeneration system according to E and 
H&S Models. In E Model, the flows represent exergy variations between two physical states ( i and j) 
according to Eq. (7). In the H&S Model, the productive flows represent variations of the enthalpic, entropic 
and chemical components of the exergy between i and j according to Eqs. (8) - (10), respectively. 

𝐸𝑖:𝑗 = 𝐸𝑖 − 𝐸𝑗  
(7) 

𝐸𝑖:𝑗
𝐻 = 𝐸𝑖

𝐻 − 𝐸𝑗
𝐻                                                                

  (8) 

𝐸𝑖:𝑗
𝑆 = 𝐸𝑖

𝑆 − 𝐸𝑗
𝑆                                                            

  (9) 

𝐸𝑖:𝑗
𝐶𝐻 = 𝐸𝑖

𝐶𝐻 − 𝐸𝑗
𝐶𝐻    (10) 



In Figs 3 and 4 the system components are represented by rectangles that are real units (or subsystems); 
the rhombuses and circles are fictitious units called junctions (J) and bifurcations (B), respectively, which are 
used to interconnect the subsystems.  

The fuel and product definitions follow the SPECO approach [27] as follows: if the variation of specific exergy 
(or of its components with a positive contribution to the exergy definition) is positive throughout the process, 
this variation plus the exergy of flows of energy generated in the component define the product. On the other 
hand, if the variation of the specific exergy (or of its components with a positive contribution to the exergy) is 
negative throughout the process, this variation is added to the exergy of the energy flows supplied to the 
component in the input definition. The opposite happens with the components with a negative contribution in 
the exergy definition, such as the entropic component in the H&S Model. In this case, the H&S Model defines 

the productive flows of the entropic (𝐸5:1
𝐻 ) and chemical (𝐸3:2

𝐶𝐻) components as input from the environment, 

and the entropic (𝐸5:1
𝑆 ) component as a product, see Fig. 4. 

 

Figure 3. Productive diagram - E Model. 

 

Figure 4. Productive diagram - H&S Model. 

3.1.2. Monetary cost balance  

Figure 5 shows the monetary cost balance for the H&S Model, expanded in matrix form, which is obtained by 
applying the cost balance from Eq. (1) to each of the 5 subsystems (AC, CC, GT, RB, and ENV) and at 
enthalpic (JH-BH) and entropic (JS-BS) junctions-bifurcations of the productive diagram (Figure 4). 

 

Figure 5. Monetary cost balance in matrix form. 

It is visible that the internal valuation matrix is composed of flows of the exergy components, power, and 
useful heat. It represents the process from the distribution of external resources to the formation of the final 



products’ cost. The cost matrix (or vector) is the modeling’s unknown factor and is composed of the 
monetary unit cost of the flows generated in each of the subsystems. For instance, 𝑐𝐴𝐶 is the monetary unit 

cost of the compressor (AC) product, i.e., the flow 𝐸2:1
𝐻 . 

Due to the use of the equality criterion, some flows have the same unit cost. Examples are: 𝐸3:2
𝐻  and 𝐸3:2

𝐶𝐻; 𝐸4:5
𝑆  

and 𝑄𝑈; 𝑊𝐴𝐶 and 𝑊𝑁. In addition to those, all entropic component flows which leave JH-BH have the same 
unit cost as all entropic component flows leaving JS-BS. 

The external valuation matrix contains the exergy of the fuel and its respective unit cost, plus the external 
hourly cost of each subsystem due to capital, and equipment O&M (Z). Because they are dummy 
components, the junction-bifurcations have zero Z-cost, as shown in the external valuation matrix in Fig 5. 

The Z term, along with the device representing the environment in the diagrams, are key pieces in 
internalizing environmental costs in thermoeconomics. Figure 6 details this device and its input and output 
flows that are part of the monetary cost balance. The environmental device itself has no costs for acquisition, 
operation, and maintenance because it is a representation of the atmospheric environment itself. 
Nevertheless, in the case of the installation of some environmental treatment component (filter, electrostatic 
precipitator, among others) that generally is not represented in the physical diagram of the thermal system, 
the cost of this component can be internalized in the environmental device through the first two terms on the 
right-hand side of Eq. (4), and thus be redistributed to the entire system.  

As for the cost of fines, environmental licenses, and permits, they should be internalized by 𝑍𝑒𝑛𝑣, as well as 
the carbon pricing values. Nevertheless, the latter depends on whether it is revenue or expense in the 
carbon market.  

 

Figure 6. Cost balance in the environmental device. 

In the case of revenue, which can occur due to a reduction in emissions below the stipulated which 
generates a saleable credit, the term 𝑍𝑒𝑛𝑣 enters negative on the balance sheet. Since the environmental 
device closes the loop and redistributes the costs to the other equipment and final products in the plant, this 
credit reduces the other monetary costs and can influence the plant's production decisions.  

On the other hand, an expense related to carbon credits, such as the need to buy credits since the company 
was not able to reduce emissions as stipulated, makes the term 𝑍𝑒𝑛𝑣  positive and similarly ends up 
increasing the costs of other internal flows and final products of the plant. 

In summary, the equation shown in Fig. 6 is highlighted in the text as Eq. (11) and its analysis can be done 
as follows: 

● The environmental device (ENV) has no hourly cost due to capital and O&M, but in the case of using 
environmental treatment equipment (which is generally not represented in the physical structure of the 
system), these terms can be considered within 𝑍𝐸𝑁𝑉; 

● The environmental costs of licenses and permits are internalized through the environmental device term 
𝑍𝑒𝑛𝑣; 

● The costs associated with the carbon market are also internalized through the term 𝑍𝑒𝑛𝑣. In the case of 
revenue, this term is negative and in the case of expenditure, it is positive. 

In all three cases, as device ENV closes the loop (Figure 2), the costs are systematically redistributed to the 
other subsystems and consequently to the final products of the plant in the case of the H&S Model (Figure 
4). 

𝑍𝐸𝑁𝑉 = 𝑍𝑐𝑎𝑝 + 𝑍𝑂&𝑀 + 𝑍𝑒𝑛𝑣  
  (11) 

3.1.3. Results 

Figure 7 represents a generic cogeneration (combined heat and power – CHP) system in which out of one 
fuel (QF), two products (WN and QU) are generated, as is the case with the gas turbine system in Fig. 1. By 
applying the cost balance of Eq. (1) to this generic system, one obtains Eq. (12), in which 𝑐𝑊𝑁

 and 𝑐𝑄𝑈
 are 

the monetary unit costs of the final products. Note that Eq. (12) is the equation of a straight line of the type 
𝑦 = 𝐴. 𝑥 + 𝐵, and can be written according to Eq. (13).  



𝑐𝑊𝑁
= −

𝑄𝑈

𝑊𝑁

𝑐𝑄𝑈
+

𝑐𝐹 . 𝑄𝐹 + 𝑍

𝑊𝑁

 
(12) 

𝑐𝑊𝑁
= −𝐴. 𝑐𝑄𝑈

+ 𝐵 
(13) 

 

Figure 7. Accounting flows in cogeneration. 

Regardless of the applied thermoeconomic methodology, the solution to Eq. (12) will be an ordered pair of 
the monetary unit cost of the net power (𝑐𝑊𝑁

) and of the useful heat (𝑐𝑄𝑈
). Some studies [13,28–30] have 

already compared several methodologies in problems of this type and confirmed that these ordered pairs 
belong to the same straight solution when the system has its operational conditions defined, such as the net 
power/useful heat ratio and the global exergetic efficiency.   

Figure 8 represents possibilities for this straight solution generically. In all the possibilities, the higher the unit 
cost of power, the lower the unit cost of heat, and vice versa. 

Considering the central straight line (solid blue line) as the specific condition for a cogeneration system, 
changes in the thermodynamic model move the straight line to new positions parallel to the initial one 
[28,31], as shown by the dashed lines in Fig. 8. 

 

Figure 8. Unit cost solution line. 

Figure 9 shows the monetary unit cost of the final products (ordered pair) of the cogeneration system for 
some situations. The values were obtained through the cost balance of Eq. 1 when applied to the diagrams 
of Figs 3 and 4 for E and H&S Models, respectively. For this second model, the balance is detailed (matrix 
form) in Fig. 5 to highlight the 𝑍𝐸𝑁𝑉. 

The points that belong to the central line, identified as the base case in the caption of Fig. 9, represent the 
case in which no carbon credit values are being internalized. 

Note that the increase in emissions represents a reduction in the efficiency of the process and a consequent 
increase in production costs. Thus, the straight solution moves away from the origin and the costs of the final 
products increase. On the other hand, the reduction of emissions approximates the solution line to the origin, 
reducing the costs of the final products as a result of an improvement in the process's efficiency. 

In order to analyze the expenses and revenues of the carbon market, some hypotheses were considered 
and realized. Starting from the base case, and considering that the increase in CO2 emissions means that 
the system is emitting above the established, carbon credits must be purchased and thus an expense is 
generated for the plant. In the case of reduction/removal of emissions, the system generates a credit that 
could be sold and thus generate revenue. In the case of the H&S Model, the value of carbon credits is 
internalized in the environment device with (𝑍𝑒𝑛𝑣 > 0) in the case of expenses and (𝑍𝑒𝑛𝑣 < 0) for revenue. In 

E Model, internalization is done via CC with (𝑍
𝑐𝑎𝑟𝑏𝑜𝑛 𝑐𝑟𝑒𝑑𝑖𝑡

> 0) in the case of expenses and (𝑍𝑐𝑎𝑟𝑏𝑜𝑛 𝑐𝑟𝑒𝑑𝑖𝑡 < 0) 

for revenue. 

Hypotheses of increase (10% to 50%) and reduction (-10% to -50%) of emissions in relation to the base 
case were simulated. Table 4 shows the monetary unit costs of the final products (𝑘𝑄𝑈

∗  and 𝑘𝑊𝑁
∗ ) for all these 



situations, in addition to the amount of carbon credits that these variations in emissions could generate and 
the costs (revenue and expense) associated. 

When analyzing (𝑐𝑄𝑈
)  and (𝑐𝑊𝑁

), it is verified that in E Model the costs of the final products vary 

approximately 5% and 25% for the cases of increase/reduction of 10% and 50% in the emissions compared 
to the base case. In the case of the H&S Model, for these same situations, the variations in the costs of the 
final products are approximately 5% and 26%. The variations in the costs obtained are due to the different 
criteria of each model, such as the internalization of carbon credits in the CC and the environmental device. 

When analyzing the carbon credits for the simulated situations, it is observed that a 10% variation in 
emissions generates 5.3 credits/day which corresponds to an expense/revenue of $455/day. In the most 
extreme case of variation (50%) in emissions, expenditure/revenue can reach $2276/day. The use of value 
generated by the purchase or sale of the carbon credit can be used as an indicator for the decision-making 
of companies concerning the installation of environmental equipment or the purchase of carbon credits. 

Remembering that this work aims to demonstrate the thermoeconomic methodology to be used for the 
inclusion of carbon pricing in cogeneration systems and not in the behavior of the system that generates an 
increase or reduction/removal in emissions, nor in the definition of the emissions parameters that will 
regulate the carbon market. 

 

 

Figure 9. Monetary unit cost variation due to emissions. 
 

 Table 4. Monetary unit cost [$/MWh] and carbon credit for the simulated situations. 

Emissions 
E Model H&S Model 

Carbon credit/day $/day 
(𝑐𝑄𝑈

) (𝑐𝑊𝑁
) (𝑐𝑄𝑈

) (𝑐𝑊𝑁
) 

+50% 120.33 87.66 102.57 96.32 26.7 -2273 

+40% 115.64 84.21 98.41 92.37 21.4 -1818 

+30% 110.95 80.76 94.26 88.42 16.0 -1364 

+20% 106.26 77.31 90.10 84.47 10.7 -909 

+10% 101.57 73.86 85.95 80.52 5.3 -455 

Base case 96.88 70.41 81.79 76.57 0 0 

-10% 92.19 66.96 77.64 72.62 5.3 455 

-20% 87.51 63.51 73.48 68.67 10.7 909 

-30% 82.82 60.06 69.33 64.72 16.0 1364 

-40% 78.14 56.6 65.17 60.77 21.4 1818 

-50% 73.45 53.15 61.02 56.82 26.7 2273 
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Analyzing the inclusion of environmental costs, such as carbon pricing, one observes in Eq. (12) that the Z 
term, and consequently the 𝑍𝑒𝑛𝑣, change the B coefficient of the straight line equation (Equation 13), and, 
therefore, would also shift the initial straight line (base case) to parallel lines compared to the initial condition. 
In the case of revenue (𝑍𝑒𝑛𝑣 < 0), the straight line approaches the origin by decreasing product costs since 
revenue was generated from the sale of carbon credits. For expenses (𝑍𝑒𝑛𝑣 > 0), the straight line moves 
away from the origin since it is necessary to buy carbon credits, that is, there is an increase in production 
costs. It is worth noting that the straight line moves to different but parallel positions. In any case, since 
coefficient A is not changed, the slope remains the same. Furthermore, by defining the system conditions 
and including the environmental cost, different thermoeconomic methodologies that consider the 
environmental device define ordered pairs of power and heat cost belonging to the same straight line 
solution. 

4. Conclusions  
This study described and detailed a thermoeconomic methodology to internalize monetary environmental 
costs in thermal system analyses through an example of a cogeneration system with a gas turbine.  

The costs focused on the paper are the pricing of carbon emissions. However, the internalization of other 
environmental costs, such as the licenses, permits, and acquisition of environmental treatment/control 
equipment were also considered.  

The cogeneration system was chosen because it is one of the main emitters of greenhouse gasses 
according to data from the International Energy Agency (IEA). 

Models E and H&S were used. However, the focus is on H&S because it is a methodology that defines the 
device to represent the environment in the diagrams. This device is responsible for dissipating the cycle 
waste and has a key role in the internalization of environmental costs and in the systematized redistribution 
of costs for the remaining components and final products of the system. Nevertheless, any other 
thermoeconomic methodology, based on exergy, which coherently defines this environmental device, could 
be used following the same methods. Moreover, this model was proposed to take into account the treatment 
of waste (exhaust gases in the case of this work) and its costs, which are directly associated with pollutant 
emissions and, consequently, with the carbon market.  

Since energy conversion systems generate environmental damage, their full analysis must take into account 
technical, economic, and environmental aspects to meet the environmental agenda signed in the Paris 
Agreement.  

The current study presented the H&S Model as a feasible tool to reach this purpose by detailing how the 
carbon market can be taken into account and the pricing of carbon and other environmental costs 
internalized into the analysis. Besides detailing the calculation methodology, it also showed the behavior of 
the results of the cogeneration systems' final products' monetary costs. Incorporating costs associated with 
climate change into economic decision-making through carbon pricing can help encourage changes in 
production, consumption, and investment patterns. Thus, assisting in the energy transition process toward 
the planet's decarbonization. 

This study concludes that the proposed methodology is coherent from the theoretical perspective of 
thermodynamics and thermoeconomics and can be used to allocate carbon credits to the internal and final 
products of thermal systems. 

Acknowledgments 
This study was supported by the Ufes Writing Center (Caesa), with its translation/revision services, offered 
free of charge. J.J. Santos thanks the “Fundação de Amparo a Pesquisa e Inovação do Espírito Santo – 
FAPES, T.O: 222/2023” and “Conselho Nacional de Desenvolvimento Científico e Tecnológico – CNPq, 
Process: 315990/2021-0”. The authors would like to thank IFES, PPGEM-UFES and CAPES for the funding.  

Nomenclature 
AC Air compressor 

c monetary unit cost [$/MWh]  

CC Combustion chamber 

CEPCI Chemical Engineering Cost Index 

CHP Combined heat and power  

E Exergy Flow [kW] 

ENV environmental device 

GHG Greenhouse gas  

GT Gas turbine 



IPCC Intergovernmental Panel on Climate Change 

JB Junction-bifurcation 

𝑘∗ Exergetic unit cost [kW/kW] 

Q Heat (exergy) [kW] 

RB Recovery boiler   

W Power [kW] 

Y Generic thermodynamic magnitude [kW]  

Z Hourly equipment cost [$/h]   

Greek symbols 

𝜆 specific CO2 emission [g/MWh] 

Subscripts and superscripts 

0 Reference conditions  

CH Chemical exergy [kW] 

Env environmental 

F Fuel 

H Enthalpic flow [kW] 

i;j Indexes for productive components    

in Inlet  

N Net  

out Outlet 

PH Physical exergy [kW] 

S Entropic flow [kW] 

U          Useful heat     
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Abstract 
Human activities are currently at an unsustainable level and a significant reduction in greenhouse gas 
emissions is essential to limit global warming. Industry, which accounts for a large share of these 
emissions, has an important role to play, particularly in its energy consumption for heat production. One 
of the issues of this transformation is to assess, among all the possible energy solutions, those that are 
most likely to achieve the objective of reducing emissions of greenhouse gases without incidentally 
increasing other environmental impacts. The study proposes a method for classifying non-dominated 
solutions found using an optimisation model based on life cycle analysis (LCA), energy and economic 
indicators. This is complemented by integrating constraints represented by sustainability limits, i.e. an 
acceptable level of impact defined by planetary boundaries. A case study of a paper industry process in 
Italy is presented to highlight the capability of the method. For this example, the ranking shows that - 
with the current LCA weighting factors - waste heat recovered using a heat pump powered by electricity 
has the highest ranking. However, a scoring for which exceeding sustainable levels is penalized gives 
a higher ranking to solutions composed of a mix of several energy sources. Moreover, if one focuses 
only on the global warming indicator, the most effective solutions far exceed sustainable levels for other 
indicators. It is therefore necessary to adopt a comprehensive environmental approach to avoid shifting 
environmental burdens to other impact categories. On the other hand, no solution compatible with all 
sustainable levels has been found. It is therefore necessary to go further by proposing a global approach 
detailing the level of impact that each sector can have while ensuring an overall sustainable level. 

Key words 
Optimisation, Industrial energy process, Planetary boundaries, Sustainability, Environmental 
assessment 

Nomenclature 
C Corrective factor  R1 Ranking method 1  

C’ Weighting score  R2 Ranking method 2  

C* Corrected weighting factor  R3 Ranking method 3  

D Process demand (MW) S Energy stored (MWh) 

ε Final energy losses  (%) Seff System efficiency  

Ein Final energy consumption (MWh) Sr Sustainability ratio  

Eout Process enery demand (MWh) T Process temperature (K) 

I Impact intensity  (kgCO2eq/FU) Ws Weighting score  

P Heat generation (MW)    

      

Acronym  Subscripts  

CCS Carbon Capture & Storage  j Heat production technology 
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LCA Life Cycle Assessment  rec Recovered from waste heat 

MHP Mechanical Heat Pump  sto Storage 

GHG GreenHouse Gas  sustainable Environmentally sustainable thresholds 

i Impact category  up Upgraded to be used by process 

1. Introduction 
It is unequivocal that human influence has warmed the atmosphere, ocean and land since pre-industrial 
times, which is a consequence of more than a century of net greenhouse gas (GHG) emissions from 
unsustainable energy use, land-use and land use change, lifestyle and patterns of consumption and 
production [1], [2]. There are now a large number of climate scenarios that attempt to estimate the 
consequences of human activities on future global mean surface temperature (GMST), which are 
compiled in the last intergovernmental panel on climate change (IPCC) assessment report [3]. The 
higher the increase in GMST, the larger the irreversible changes in natural cycles and the consequences 
on livelihoods of people, which is why it is essential to hold this temperature increase well below 2 °C 
above pre-industrial levels. The latest Intergovernmental Science-Policy Platform on Biodiversity and 
Ecosystem Services report [4] shows that global warming is not the only concern at the moment, and 
that other issues (land use, direct exploitation, pollution etc.) are at unsustainable levels leading to a 
huge decrease in biodiversity. This conclusion is also highlighted by the Stockholm Resilience Center 
in their proposed definition of planetary boundaries [5].  

Many global warming mitigation options are already technically and economically viable or are going to 
become so in the near future [2]. Nevertheless, they can have other environmental impacts, which are 
necessary to evaluate. Therefore, an increasing number of studies, often called the 4E study, combined 
energy, exergy, economic and environmental approaches to reach this goal. For example, Chen et al. 
[6] proposed a comprehensive 4E approach applied to cascading systems, which has been shown to 
be beneficial in reducing greenhouse gas emissions. Yu et al. [7] go further in the environmental 
assessment by conducting a full life cycle analyses (LCA) to evaluate the most significant environmental 
impacts. Although these studies quantify the environmental impacts of a technical solution and the 
elements that significantly contribute to it, they do not relate them to sustainable thresholds, i.e. the 
maximum level of impact generated by the process that can be achieved without causing significant 
adverse effects on the environment, society or the ability of future generations to meet their own needs. 
Indeed, Bjørn et al. [8] have pointed out that one solution that is better than another from an 
environmental point of view is not necessarily an acceptable solution in the face of global limits..  

In this study, we propose a 4E assessment framework including the sustainable levels defined by Vargas 
et al [9] to analyse the issue of sustainable heat production in industry. Starting with an industrial need 
defined by dynamic heat requirements at a certain temperature level, a set of mature solutions are 
compared to analyse the best compromise according to different energy, environmental and economic 
constraints. The main purpose of this article being to present the method, a simple case study is used 
for this purpose. It takes as example the paper production, which is a continuous industrial process, 
located in Italy, being able to benefit from a continuous flow of waste heat at a temperature lower than 
the process temperature. A period of one year is considered. 

2. Methods and Material 

2.1. Overall methodology 

This study deals with the heat production for an industrial process at a defined temperature T, for a 
variable hourly demand. The objective is to define the best way to meet the dynamic heat demand by 
using combinations of different possible technologies like electric, gas and biomass boilers or heat 
pumps fed with waste heat or thermal storage. All the energy sources used to cover this need (including 
those used to generate grid electricity, with or without carbon capture and storage) have different 
environmental impacts and different costs that can vary at each time step. The aim is to analyse what 
is the best possible solution to produce this industrial heat according to environmental and economic 
criteria. The analysis being multicriteria, it is possible to find a set of possible solutions answering the 
optimization problem. The general assessment framework used to calculate and rank the optimal 
solutions is presented in Fig. 1.  

From environmental, technological, energy, process-related and economic input data, it is possible to 
feed the economic, energy (yearly performance simulation) and environmental (LCA) models used in 
the optimization algorithm. The latter produces a set of non-dominated solutions capable of meeting the 
needs of the process. Note that for the sake of brevity, this article focuses only on the environmental 
impact presentation. The set of non-dominated produced solutions, also called Pareto front, is such that 



there is no one solution that exhibits a best performance in all dimensions. Eventually, these solutions 
are ranked based on considerations related to global limits and economy. The different steps of this 
general assessment framework are detailed in the following sections. 

 

Fig. 1 - Assessment framework; dotted arrows and the block in italics are not presented in this study. 

2.2. Input data 

2.2.1. Environmental data 

The environmental data are derived from Ecoinvent 3.7.1 LCI database [10]. This assessment considers 
the marginal process for all environmental data, which is defined by Hauschild et al. [11] as the 
transformation on the economy caused by the introduction of a new product system, i.e. the product 
system's consequence. For the proposed application, namely the heat production in industry sector, 
which represents a significant share of the energy market, the change of energy system will lead to a 
change in electricity production to satisfy this new demand. Considering marginal process requires to 
assess the environmental impacts caused by the change in energy supply over the average values.  

2.2.2. Efficiency of the technologies 

The efficiencies of the technologies considered in the study are summarised in Table 1. They include 

the heat loss to the environment due to the generation of heat and consider a reduction of the efficiency 

when the system operates in partial load. In addition to these efficiencies, a ramp-up power is considered 

for biomass production with a limited ramp-up equal to 4.2% per hour of the maximum available power 

as defined by Veyron et al.[12]. For the Mechanical Heat Pump (MHP), the power is limited according 

to the available waste heat at the considered time step. In this study, the source of waste heat is external 

to the process and corresponds to a contribution equivalent to 80% of the process requirement. 

A thermal storage facility is also modelled to allow a phase shift between production and use. There are 
currently many options for thermal energy storage as reviewed by Sarbu et al [15]. As this work focuses 
on industrial applications, only short-term storage (water tank) is considered as a first step. Storage 
losses are estimated at 5% of the stored energy for a charge cycle of 8 hours and a discharge cycle of 
16 hours [16]. Considering the charging and discharging times, the hourly storage efficiency is equal to 
εsto = 0.996. 

Table 1 – Final energy consumption 𝐸𝑖𝑛,𝑇, Process energy demand 𝐸𝑜𝑢𝑡,𝑇 at temperature T, for the four 

technologies considered in the study. Seff,T is the system efficiency for a process temperature T in °C, 
with Tup the process temperature level and Trec the waste heat temperature level,  ε is the share of final 



energy losses by the system in % which represents the heat losses to the environment of the heat 
generation technology as proposed by Bülher et al. [13]. 

Technologies Final energy consumption    E𝑖𝑛,T(t) =  
Eout,T(𝑡)

Seff,T(𝑡).(1−𝜀)
 Partial load efficiency 

Electric 
boiler 

Seff,T(𝑡) = 1 

ε = 0.00096(T + 273.15) −  0.115 

No partial load 
efficiency losses 

Natural gas 
boiler 

Seff,T(𝑡) = 1 

ε = 0.001154(T + 273.15) −  0.138 

No partial load 
efficiency losses 

Biomass 
boiler 

Seff,T(𝑡) depends on the partial load 

ε = 0.001154(T + 273.15) −  0.138 

Regression from  [12] 

At 100% design load: 

Seff,T = 86.5% 

At 50% design load: 

Seff,T = 83.0% 

MHP 
Seff,T(𝑡) =1.91(Tup-Trec+0.0884)0.89094(Tup+0.0442)0.67895 

ε = 0.00096(T + 273.15) −  0.115 

Linear regression from 
[14]  

At 100% design load: 

Seff,T = COP 

At 50% design load: 

Seff,T = 0.985COP 

 

2.2.3. Energy supply 

The electricity production considered in this study is scenario BL2050 for Italy from the heat road map 
Europe [17]. Italy is a relevant study case to assess the impact of Carbon Capture & Storage (CCS) 
option because of its large share of thermal generation of electricity. The new installed electricity 
production relative to the current electricity mix is described in Table 2. 

Table 2 – New installed electricity production sources in scenario BL2050 for Italy 

Dammed 
hydro 

Geothermal Offshore 
wind 

Onshore 
wind 

Solar River 
hydro 

CHP 
Biomass 

Condensing 
powerplants 

Nuclear 

5.7% 3.8% 0% 20.9% 23.9% 0% 2.1% 43.6% 0% 

The proportion of CCS in the power generation mix as well as for on-site industrial CCS is derived from 
the scenario AIM/CGE 2.2 publish by Riahi et al. [18] from IPCC AR6 [3]. The data are presented in 
Table 3. 

Table 3 – Average CCS share in electricity production and industrial heat production system 

 2015-2040 2040-2065 2065-2090 

Electricity production 8% 32% 71% 

On-site industrial CCS   0% 2% 39% 

The CCS captured efficiency, which is defined as the share of CO2 not rejected by the CCS, is set at 
88% according to García-Freites et al. [19]. The environmental impact of CCS is based on the LCA 
carried out by Bisinella et al. [20]. The efficiency penalty of CCS, which is the relative change on energy 
output, is set at 15% for gas [21] and 22.6% for BECSS and oxy-fuel [22]. For the gas boiler, a feed with 
100% of conventional gas is assumed (no shale gas).  

2.2.4. Process requirements 

The consumption profile of the study is based on average data from a continuous paper production 
process [23]. The typical week is shown in Fig. 2 and is repeated throughout the year. The process 
temperature requirement is set at 130°C and the waste heat temperature is recovered at 80°C. The 
continuous heat requirement profile of the paper industry has the advantage of presenting a minimum 
of operating constraints for the heat production technologies. A batch profile would have higher 
constraints such as the ramp-up time of a biomass boiler or lower efficiencies at partial load. The same 



method can of course be applied to more complex profiles, but the lack of space does not allow to deal 
with them in this article. 

 

Fig. 2 - Weekly heat requirement profile for paper production process at a temperature level of 130°C 

2.3. Yearly performance simulation 

The energy model creates solutions that verify all the operating conditions of the technologies to meet 
the process demand. These solutions give for each time step the heat produced by each of the 
technologies:  

∑𝑃𝑗(𝑡)

𝑛

𝑗=1

= 𝐷(𝑡) +
S(t) − S(t − 1) − S(t) ∗ (1 − ε𝑠𝑡𝑜)

∆𝑡
 (1) 

Where 𝑃𝑗 is the heat production from source j in MW, 𝐷 the process demand in MW, S is the amount of 

energy in thermal storage at time step t in MWh and ∆𝑡 the time step. The size of the heat production 

facilities for CAPEX and LCA calculations is based on the maximum demand required for each 

technology over the year, no safety factor being considered. 

2.4. LCA model 

The LCA focuses on the generation and supply of heat to the industrial sector in Italy. The functional 
unit is therefore defined as the production of heat at 130°C to meet the industrial demand presented in 
part 2.2.4 over one year in Italy for both 2015-2040 and 2065-2090 periods. Background data specified 
in Sections 2.2-2.3 are used for the life cycle inventory modelling. The Life Cycle Impact Assessment 
method used is EF 3.0 [16] and the weighting scores (Ws) proposed by this method are presented in  

Table 4 as well as the 16 environmental indicators used in this study. The weighting scores are not used 
in the optimization algorithm but are considered to rank the obtained solutions in the final step of the 
assessment framework. Furthermore, as explained in section 2.2.1, this study considers consequential 
modeling. 

 

Table 4 - Weighting score from LCIA EF 3.0 
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2.5. Optimisation algorithm 

The non-dominated solutions are calculated using the genetic optimisation algorithm package from 
Matlab [24]. The genetic method works by combining initial solutions and adding mutations to test the 
solution space as efficiently as possible. This method is well suited to our case as the solutions with one 
single energy source can be combined to make any possible solution. The initial solutions are therefore 
easy to generate. The number of obtained solutions depends on the size of the studied population; in 
this study a population of 100 is considered which generates a number of 35 final non-dominated 
solutions. This method has been widely studied in the literature [25], [26] and is already applied for 
energy optimization [27], [28], although reproducibility may be a minor issue. 

2.6. Ranking of the non-dominated solutions 

2.6.1. Sustainable & contribution levels 

The environmental sustainability limitfor each environmental impact category is derived from Vargas et 
al. [9], except for marine eutrophication which is based on Willett et al. [29] and climate change which is 
based on the scenario AIM/CGE 2.2 published by Riahi et al. [18] and used in IPCC AR6 as one of the 
reference scenario to limit warming to 2°C without overshoot [3].  

In order to assess the sustainability of non-dominant solutions, it is necessary to evaluate the share of 
the considered industrial process in relation to all human activities, and this for all environmental 
impacts. The aim is to define the safe operating space for the process, that can be described as the 
maximum acceptable impact that a process can have to remain below sustainable thresholds [30]. 
Several methods can be used for that purpose. The allocation principle that is used in this study is 
derived from the economic value added of the process as described in Jovet et al. [31]. To evaluate the 
deviation of each impact category of a non-dominated solution with respect to the sustainable level, the 
sustainability ratio defined by equation (2) is used. 

𝑆𝑟i(𝑥) =
I𝑖(x)

I𝑖,𝑠𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑙𝑒
 (2) 

where 𝑆𝑟i(𝑥) is the sustainability ratio of solution x for impact category i, I𝑖(x) the impact of category i 

and I𝑖,𝑠𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑙𝑒 the sustainable level for the impact category i for the considered industrial process, 

which is derived from the share of the process in relation to  its value added as described in Jovet et al. 
[31]. Another criterion was introduced in [31] to assess the sustainability of an industrial process: the 
contribution level Ci(x). This criterion compares the ratio of the impact Ii to the total impact Ii tot of the 
category i to the share of the economic value added of the process EVAprocess to the total economic 
added value EVAtot: 

𝐶𝑖(x) =  
𝐼𝑖 (𝑥)

𝐼𝑖 𝑡𝑜𝑡
 .

𝐸𝑉𝐴𝑡𝑜𝑡

𝐸𝑉𝐴𝑝𝑟𝑜𝑐𝑒𝑠𝑠
    (3) 

This criterion puts the importance of the sustainability ratio into perspective. Indeed, if the sustainability 
ratio is above 1 (i.e. non-sustainable), but the contribution level is below 1 (i.e. less than the average for 
human activity), reducing the environmental impact of this process may not have a major impact on the 
global sustainability but remains a needed target. On the contrary, reducing the environmental impact 
of a process having a high contribution level can have a significant effect on the impact category even 
if the impact level of this process is below the threshold. As an example, Fig. 3 shows the sustainability 
ratio versus the contribution level for three different impact categories A, B and C. Impact category B 
has a high sustainability ratio but a small contribution level, while impact category C behaves in the 
opposite way. This work considers the contribution of impact categories B and C to be equivalent in their 
ability to achieve or maintain a sustainable level for their respective category. For this reason, we 
propose to use a corrective contribution level C* in this paper to consider the importance of a sector in 
the total contribution and not only the sustainable level. This corrective factor is based on the orthogonal 
projection of the impact category coordinate on the linear function y = x.  

 



 

Fig. 3 – Contribution level corrected for each impact categories (A, B and C in this example) based on 
their sustainability level and contribution.  

2.6.2.  Classification 

The classification of non-dominated solutions is realised using three different methods, (i) ranking 1 (R1) 
based on weighting the different impact categories with the EF 3.0 impact weighting scores Wsi ( 

Table 4), (ii) ranking 2 (R2) by adjusting the previous score with the C* factor, (iii) ranking 3 (R3) using 
the C* factor to calculate a penalty score C’ which becomes more penalizing the more the sustainability 
threshold is exceeded, according to equation (4). 

{
C′i(x) = eC

∗
i(x)

−1
                  if C∗i < 0 

C′i(x)= C
∗
i(x)2                   if C

∗
i > 0

 
(4) 

The final score for each non-dominated solution and the three different ranking methods is obtained 
using equation (5).  

{
  
 

  
 R1 =  ∑Wsi. Sri(x)

i

             

R2 =  
∑ Wsi. |C

∗
i
(x)|. Sri(x)i

∑ |C∗i(x)|i

R3 =  
∑ Wsi. C′i(x). Sri(x)i

∑ C′i(x)i

 (5) 

3. Results & Discussion 
The results of non-dominated solutions before ranking are presented in Fig. 4 for 2015 - 2040 and 2065 
- 2090 periods for the impact categories that are not always sustainable. The following impact categories 
are always sustainable for the considered industrial sector whatever the technological solution studied 
and are not presented in  Fig. 4: ozone depletion, Ionising radiation, photochemical ozone formation, 
human toxicity, cancer, acidification, marine eutrophication, terrestrial and water use. In this figure, each 
line represents the ratio between the impact of the process and the sustainable level of one heat 
production solution across all environmental impacts. Each value at the left of the blue line can be 
considered as sustainable while the value at the right is not. The changes between the 2015-2040 and 
2065-2090 periods come from the development of CCS technology and the evolution of the sustainable 
climate change thresholds (which uses a budgeting approach). For the period 2065-2090, which 
presents greater uncertainties, it cannot be excluded that the current challenges will evolve according 
to the choices made by then. It is already possible to do some projection for climate change based on 
the willingness to limit the temperature increase. On the other hand, this approach helps to evaluate 
which impact categories could be an issue if the process were to continue as it does today. 



 

(a) (b) 
Fig. 4- Sustainability ratios of non-dominated solutions for periods (a) 2015-2040 and (b) 2065-2090 
for impact categories exceeding the sustainable threshold value. The blue dotted line shows the 
sustainability limit corresponding to all values below 1. Each line is one of the 35 non-dominated 
solutions. The colour code varies from green to red, from the lowest to the highest value of climate 
change indicators to present the trades-off.  

The first observation is that none of the 35 non-dominated heat production systems respects all the 
sustainable thresholds for both periods of time, i.e. all impact indicators lower or equal to 1 for a same 
heat production solution. The dispersion of the non-dominated solutions on the climate change indicator 
shows a result well above the sustainable level on indicators such as toxicity with a result up to 20 times 
the limit, freshwater eutrophication with a factor up to 50 or mineral resource use with a factor up to 13. 
The largest exceedances of sustainable levels are seen for solutions that meet the sustainable level for 
the climate change indicator. In contrast, the solutions that exceed the limit for climate change are below 
the sustainable levels for the other indicators, except for the fossil fuel consumption and freshwater 
eutrophication indicators.  

Using the ranking method R1, the MHP technology performs the best achieving a ranking of 1 and 2 for 
both periods as presented in Fig. 5. As the environmental constraint increases over the period 2065-
2090, it can be seen that the biomass solution ranks 7 to 10 times behind the MHP. The R1 score is 
very stable for all solutions combining MHP and gas boiler despite a high weight for climate change with 
over 20% of the ranking based on this indicator. Electrical boilers are heavily impacted by their lower 
electricity to heat conversion factor compared to MHP that results on a ranking of these solutions among 
the least efficient. It can be noted that the storage solution does not provide any gain with a ranking that 
decreases with the increase in storage use. This is due to different factors such as the low share of 
intermittent energy, which results to a low variation of the environmental impact of the electricity between 
the different time steps, but also due to the lack of process intermittency which is not sufficient to 
compensate for storage losses. However, this conclusion is specific to the profiles of electricity 
consumption and production chosen in this example. For electricity mixes with greater variations in 
environmental impact between time steps, non-dominated solutions will be more time-dependent and 
therefore storage will have a more important role. 

 



(a) 

 

(b) 

 

 

Fig. 5 – Non-dominated solutions ranked with method R1 using EF 3.0 ponderation factor for (a) years 
2015-2040, (b) years 2065-2090. The score R1 is displayed with the black line.  

The use of the R2 and R3 ranking methods, for which the higher the threshold exceedance, the higher 
the penalty, leads to significant changes compared to the R1 approach as presented in Fig. 6. The 
greater the penalty for exceeding global limits, the greater the share of gas combined with CCS 
development in the optimal solutions. Indeed, gas performs well in indicators for which electricity does 
not, and vice versa, which results to impacts closer to sustainable levels with fewer high-performing 
impact categories but simultaneously fewer categories far above the thresholds. Biomass boiler also 
benefits from these two-ranking methods but in a more limited way. On the other hand, the more we 
penalise exceeding the limits, the more the best ranked solutions exceed the threshold for the climate 
change indicator. For the period 2015-2040, among the 10 best solutions, only 2 meet the threshold for 
climate change whereas there were 4 with the R1 ranking method. The presence of CCS combined with 
the improvement of the carbon content of electricity increases this number to 7 solutions respecting the 
sustainable level for climate change over the period 2065-2090 while the R1 classification method is 9. 
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Fig. 6 – Non-dominated solutions ranked with method (a) R2 for the years 2015-2040, (b) R3 for the 
years 2015-2040, (c) R2 for the years 2065-2090, (d) R3 for the years 2065-2090. The score R2 and 
R3 are displayed with the black line. 

Based on the results, it is possible to imagine two types of approaches to bring the industrial activity 
back to sustainable levels. The first approach requires each process to respect the global limits by 
defining a safe operating space for each process. This approach corresponds to the development of 
solutions where exceeding sustainable levels is strongly penalised, i.e. ranking method R3. The second 
approach requires each process to implement the best possible solution and therefore to adapt the 
process safe operating space for each impact category based and their ability to perform. However, this 
requires a comprehensive review of all human activities to ensure that the entire range of human 
activities is able to meet the thresholds of sustainability. The first method is simpler to implement 
because it is only necessary to allocate a share of the impacts to each process, whereas for the second 
method it is necessary to have a breakdown by impact category for each process. On the other hand, 
the first method will tend to ask for solutions as close as possible of the sustainable threshold (i.e. never 
the best but never the worst), which results in a multiplication of energy sources, and therefore in a 
multiplication of system for the industries to deal with, which increases the level of complexity on site. 

However, if the transformation of industrial heat production means is oriented towards achieving the 
climate change objective, some impact categories are likely to exceed the sustainable limits. Fig. 7 
shows that the best solutions with ranking method R3 are above the sustainable threshold for climate 
change for the period 2015-2040. The best solution for climate change indicator is ranked only 14th with 
the R3 method in 2015-2040 and 20th in 2065-2090, while the best solution with method R1 is also the 
best for the climate change indicator. However, high performing solutions on climate change exceed the 
sustainable levels on some other criteria, which explains their ranking with the R3 method, as can be 
seen in Fig. 7. Therefore, it is not possible to reach the sustainable level with the technology proposed 
and the safe operating space available for the process based on added value. This means that the safe 
operating space allocated to the process will not be sufficient to enable it to stay below the threshold. 
There are two ways to have sufficient safe operating space for the process: 

(i) If the process needs to continue at the current level (e.g. for a vital process), other 
processes need to decrease in order for it to leave enough operating space.  

(ii) this process must decrease 

This will result in a modification of certain sectors of activity by reducing the operating space of some 
sectors that will be considered less essential or sufficiently efficient to leave enough safe operating 
space to sectors considered as essential. A reflection on this allocation is therefore essential to define 
the place of each sector in a sustainable world according to numerous technical parameters but also 
around political or sociological themes. 

 

 

 

 

Fig. 7 – Non-dominated solutions ranked with method R3 for the years 2015-2040. The sustainable 
ratio for climate change is display in black and the sustainable level in blue. 
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4. Conclusions & Recommendations 
In this paper, a method has been developed to optimize, from an energy, economic and environmental 
point of view, the combination of energy systems to be used to produce heat for a dynamic industrial 
process. The energy mix uses combinations of different possible technologies such as electric, gas and 
biomass boilers or heat pumps powered by waste heat or thermal storage. An optimisation model, based 
on LCA criteria, enables to obtain a number of non-dominated solutions. Even if some solutions enable 
to reduce some impact categories, no solution was found to reach sustainable levels for all impact 
categories. Thus, the best performing solutions on the climate change indicator also exceed the 
sustainable level for several other environmental impact indicators such as land use, toxicity, 
eutrophication or resource use fossil. By ranking the non-dominated solutions, using different weighting 
criteria, it can be seen that the more one penalizes the exceeding of sustainable levels for each impact 
category, the more mixed solutions are present and in particular the combination of MHP and gas boiler. 

The results show that none of the studied solutions can reach a sustainable level regardless of the 
technology used and this, despite the use of resolution algorithms to highlight the best performing 
solution. This assessment shows that it is necessary to have a reflection on the share that each process 
can represent in human activities. It is possible to envisage this redistribution in two ways, (i) by requiring 
an identical effort from all sectors to reach the targeted level or (ii) by determining, according to the 
needs and potential of each sector, its maximum acceptable contribution for each impact category. The 
latter method requires in-depth knowledge of the potential of each sector, which could be determined 
using the optimization model presented in this paper but on a larger scale. For both approaches, it is 
essential to think holistically so that all human activities are taken into account and not to look at each 
sector individually to conclude about sustainability. 
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Abstract: 

Due to the intense use of coal and gas while producing electricity, carbon capture and storage technologies 
need to be developed. One of the perspectives is oxyfuel combustion. It is the easiest method in the light of 
subsequent capture and storage of carbon dioxide. Due to the lack of nitrogen in the substrate, there are no 
nitrogen oxides in flue gases. The main drawback of that method is the very high energy consumption of the 
oxygen production technology. These days well-known technologies are cryogenic distillation and pressure 
swing adsorption. There are also novel oxygen production techniques such as chemical looping air separation 
and membrane processes. In the paper, a comparison between cryogenic air distillation and membrane 
separation is taken into consideration. Energy consumption of the cryogenic air distillation is on average 
250 kWh/ ton O2. On the other hand, there is an oxygen transport membrane but this approach requires a heat 
source because the process takes place at very high temperatures. Produced oxygen is required for the 
concept of the negative CO2 gas power plant (nCO2PP). The power cycle uses oxygen and sewage sludge 
gasification gas for the combustion process. The two mentioned earlier oxygen production installations were 
modelled and confronted with the needs of the nCO2PP. Obtained cumulative efficiencies of the nCO2PP 
cycles were 21.26% and 23.48% for the power cycle integrated with a cryogenic air separation station 
(depending on oxygen purity), and 24.89% and 24.59% for the cycle combined with oxygen transport 
membrane (depending on the membrane area). The power cycle consists of a gasifier, air separation unit, 
compressors, turbines, wet combustion chamber, spray ejector condenser, and a CCS installation. The 
nCO2PP cycle is equivalent to the Bioenergy with Carbon Capture and Storage idea, because of the use of 
sewage sludge as fuel and CO2 capture. 

Keywords: 

Thermodynamic analysis; Oxy-combustion; Energy penalty; CCS; cryogenic ASU; oxygen transport 
membrane. 

1. Introduction 
The oxy-fuel combustion is supposed to be one of the remedies for global warming, next to pre-combustion 
and post-combustion technologies [1]. The use of oxygen as an oxidizer prevents the generation of nitrogen 
oxides and provides only water vapor and carbon dioxide in exhaust gases. It should be highlighted, that  
oxy-combustion is one of the Carbon Capture and Storage (CCS) technologies and it is said to be the most 
promising one for the power cycles fuelled with fossil fuels [2]. The oxygen is 21% of the atmospheric air, and 
its amount delivered to the combustion chamber is based on the combustion stoichiometry, which is 
approximately 18 – 20 tons of O2/ day for 1 MW of electric installed power [3], [4]. If the biggest Polish power 
plant “Bełchatów” would work with oxy-combustion technology it would require as much as 92 thousand to 102 
thousand tons of O2 per day depending on the power output.  

The presented paper refers to oxygen production for the needs of the “Negative CO2 emission gas power 
plant” (nCO2PP) [5], which is a kind of bioenergy with carbon capture and storage (BECCS) power cycle. The 
nCO2PP is a cycle, which utilizes sewage sludge as fuel and works with the oxy-combustion process. In this 
work, cryogenic air distillation and oxygen transport membrane (OTM) were taken into consideration. 

Cryogenic air separation is the most popular and developed way to produce oxygen for the needs of oxyfuel 
combustion [6-8]. This way of oxygen production also provides other gases, like nitrogen, argon, krypton, and 
xenon [9]. The technology of very low temperatures is used to generate methane and helium from natural gas 
or in hydrogen production from coke oven gas [6]. It is based on the use of boiling points of air components to 
separate them. The air must be cooled first and then transported to rectification columns where is separated 
[10].  

The second oxygen production method is the one using an oxygen transport membrane. The separation 
process is able to be carried out because of the electrochemical mechanisms and diffusion [11]. There are two 



types of designs of oxygen production with the OTM method that can be highlighted, namely the three-end 
and four-end ones. The first one is about creating a vacuum on the permeate side of the membrane. The four-
end is about introducing recirculated exhaust gases in counter-current on the permeate side of the membrane 
in case to provide the driving force [11, 12]. Oxygen transport membranes are made of two main groups of 
materials, that is perovskite and fluorite [13]. The third technology of oxygen production is pressure swing 
adsorption [14, 15], but it is not considered in this work.  

The aim of this paper is to compare two technologies of oxygen production (based on air separation) for the 
requirements of the nCO2PP and check their impact on cycle efficiency. In this case, two models of oxygen 
production stations have been examined and integrated with the nCO2PP model. All analyses have been 
carried out using the Ebsilon software [16].  

2. The power cycle  

2.1. Negative emission CO2 gas power plant  

The oxy-combustion technology is said to be the best solution to capture and store carbon dioxide from power 
plants [17]. Over the years many power cycle installations with oxy-combustion technology have been 
proposed [18-20]. The negative carbon dioxide emission gas power plant means that the electricity is produced 
with negative carbon dioxide emission in the total balance of emissions. Emission is negative because the 
power plant uses sewage sludge as fuel and an oxy-fuel method to capture CO2. If only one of the mentioned 
approaches was used, only a zero-emission power cycle would be an outcome. The scheme of the nCO2PP 
is shown in Figure. 1. 

 

Figure. 1. The negative emission CO2 gas power plant (nCO2PP) integrated with gasification and oxygen 
transport membrane type of ASU, where: Cair – air compressor, CO2 – oxygen compressor, Cfuel – fuel 
compressor, WCC – wet combustion chamber, GT – gas turbine, GTbap – low-pressure turbine, HE1 – heat 
exchanger 1, SEC – spray-ejector condenser, G – generator, PH2O – water pump, PSEC – SEC pump,  
S+HE2 – separator connected with heat exchanger 2, CCO2 – CO2 compressor, HE3 – heat exchanger 3,  
HE4 – heat exchanger 4, HE OTM –heat exchanger for OTM separation, GS – gas scrubber, R – gasifier,  
ASU – air separation unit. 

The nCO2PP cycle consists of an air separation unit (ASU), gasifier (R), carbon capture and storage 
installation (CCS), and the main part of the installation. The system is equipped with two compressors. The 
first one transports oxygen (CO2), whereas the second one is for fuel transport (Cfuel). The cycle also consists 
of the high-pressure gas-steam turbine (GT – expansion from 10.5 bar to 1 bar), low–pressure turbine  
(GTbap – expansion from 1 bar to 0.078 bar), wet combustion chamber (WCC – with temperature 1100℃), and 
generator (G). The main heat exchanger (HE1) heats the water supplied to the WCC with exhaust gases. The 
spray–ejector condenser (SEC) is a crucial device in the process of condensation of steam from a mixture of 



CO2+H2O. A CCS installation consists of two compressors (CCO2), two heat exchangers (HE3, HE4), and a 
heat exchanger connected with a water separator (S+HE2). The water pump (PH2O) increases the pressure of 
water to a value of 10.5 bar, which is supplied to the WCC [5]. 

The initial nodes in the cycle can be established when fuel and oxygen compressors (Cfuel, CO2) start 
transporting fluids to the combustion chamber (WCC). In WCC the combustion process takes place which 
creates a mixture of CO2 and H2O. Fuel and oxygen are necessary substrates, however, due to the high 
temperature of the processes there is injected water as a cooling medium to attain a temperature around 
1100℃. Injection of the cooling medium is obligatory, because of the high temperature of stochiometric 
combustion, which can increase even to 3000 K as the effect of the oxy-combustion process. Additionally, the 
extra mass flow of water (nodal points 2H2O, 3H2O) contributes to the increase of the cycle efficiency, which is 
dependent on amount of regenerated heat. After the process in the WCC exhaust expands in the turbines (GT, 
GTbap). Afterward, exhaust gases are used to heat water which is transported to the WCC in the regenerative 
heat exchanger (HE1). A part of the exhaust stream is directed to the gasification reactor (R) (or gasifier) and 
it is used in the gasification process. The spray-ejector condenser (SEC) intakes flue gases from the heat 
exchanger (HE1). Provided is also water, which is a motive fluid in the SEC with the pump (PSEC). The presence 
of motive water, which breaks up into droplets and a mixture of steam and carbon dioxide enables the 
condensation process to take place. A mixture of water and carbon dioxide leaving the SEC goes to the 
separator connected with the heat exchanger (S+HE2). In the separator, water is isolated and directed to 
pumps (PSEC, PH2O). Subsequently, it is used as the motive fluid in SEC or as a coolant in the combustion 
chamber. The carbon dioxide is directed to the compressor (CCO2), and then to the heat exchanger (HE3). It 
ought to be mentioned that in the air separation process with a membrane, the compressed air takes heat from 
fuel at the additional heat exchanger (HE OTM) downstream of the outlet of the gasifier. It is profitable because 
the oxygen production process with OTM needs to be carried out at a very high temperature, and fuel 
transported to the combustion chamber needs to be cooled before the fuel compressor (Cfuel).  

2.2. Air separation units  

As it was mentioned, two ways of oxygen production from the air were taken into consideration: cryogenic air 
distillation and oxygen transport membrane. Diagrams of them are shown in Figure. 2. For modelling using the 
Ebsilon software the cryogenic air separation unit is developed of an air compressor Cair, a pre-cooler PC, and 
two rectification columns RCI and RCII. In the separation process, the air is compressed to 5.8 bar, cooled in 
the pre-cooler, transported into the columns, and then separated into oxygen (O2), high-purity nitrogen (hN2), 
and low-purity nitrogen (lN2).  

 

Figure. 2. Diagrams of oxygen production stations a) cryogenic b) oxygen transport membrane, where: 



Cair – air compressor, PC – pre-cooler, RCI – column I, RCII – column II, R – gasifier, OTM – oxygen transport 
membrane, HE OTM – heat exchanger, AC – after-cooler, Cvac – vacuum pump. 

 

The membrane separation unit consists of an air compressor Cair, a heat exchanger HE OTM, an after-cooler 
AC, a vacuum pump Cvac, and a membrane OTM. In this process, the proper oxygen partial pressure ratio at 
both sides of the membrane is set. These ratio values are 1.034 and 1.330 (depending on the membrane 
area), then heated to 740 ℃ in the HE OTM, separated in the membrane, and then cooled in AC before 
transporting to the oxygen compressor and the combustion chamber.  

The main difference between the OTM method and the cryogenic ASU is that in the cryogenic separation air 
is cooled down in the pre-cooler after compression, whereas with the OTM, the air after compression must be 
heated to the correct temperature values for the electrochemical reaction to take place. 

3. Methodology 
The analyses have been carried out in the Ebsilon software, which uses mass and energy balance equations. 
Additionally, real gas correction equations such as the Peng-Robinson or the Redlich-Kwong equation can be 
set. The software predefined models are clearly expressed by thermodynamic tables for steam.  

3.1. Efficiency calculation  

The gross efficiency and the net efficiency have been calculated according to Eq. (1) and (2)  

𝜂𝑔 =  
𝑁𝑡

�̇�𝐶𝐶

 (1) 

where 𝑁𝑡is a combined power of turbines in kW and �̇�𝐶𝐶 is a chemical energy rate of combustion in kW. 

 

𝜂𝑛𝑒𝑡 =  
𝑁𝑡 − 𝑁𝐶𝑃

�̇�𝐶𝐶

 (2) 

Where 𝑁𝐶𝑃is power needed for cycle own needs in kW and can by expressed by Eq. (3).  
 

𝑁𝐶𝑃 =  𝑁𝐴𝑆𝑈 + 𝑁𝐶𝑓𝑢𝑒𝑙
+ 𝑁𝐶𝑂2

+ 𝑁𝑃𝐻2𝑂
+ 𝑁𝑃𝑆𝐸𝐶

+ 𝑁𝐶𝐶𝐶𝑆
  (3) 

Where 𝑁𝐴𝑆𝑈  is power for oxygen production, 𝑁𝐶𝑓𝑢𝑒𝑙
 is power for fuel compressor, 𝑁𝐶𝑂2

 is power for oxygen 

compressor, 𝑁𝑃𝐻2𝑂
is power for water pump, 𝑁𝑃𝑆𝐸𝐶

 is power for SEC and 𝑁𝐶𝐶𝐶𝑆
 is power for CCS compressors 

needs. All mentioned terms are expressed in kW.   
Additionally, cumulative cycle efficiency which is a product of the net efficiency of the power cycle (𝜂𝑛𝑒𝑡) and 

gasification process efficiency (𝜂𝑅𝐻
), has been calculated. The gasification process inside the gasifier was not 

calculated in this work but its efficiency has been taken from other work regarding nCO2PP [21]. The 
cumulative efficiency is presented in Eq. (4): 

𝜂𝑐𝑢𝑚 = 𝜂𝑅𝐻
∙ 𝜂𝑛𝑒𝑡  (4) 

where gasification process efficiency (𝜂𝑅𝐻
) according to the literature [21] is equal to 𝜂𝑅𝐻

=86.52% for the 

nCO2PP cycle. 
 

3.2. Oxygen transport mechanism in the membrane 

Oxygen permeation in the membrane is dependent on mass diffusion and electrochemical factors. Oxygen 
flux through the membrane can be formulated with the Wagner equation, which is presented in Eq. (5) [11]   

𝑗𝑂2 = 𝐶𝑤𝑎𝑔𝑛𝑒𝑟 ∙
𝑇𝑚

𝑑𝑚
∙ 𝑒

(
−𝐾𝑤𝑎𝑔𝑛𝑒𝑟

𝑇𝑚
)

∙ ln
𝑃𝑂2𝑓𝑒𝑒𝑑

𝑃𝑂2𝑝𝑒𝑟𝑚
  (5) 

Where 𝑗𝑂2 is oxygen permeation rate in mol/(m2*s), 𝑇𝑚 process temperature in K, 𝑑𝑚 is membrane thickness 

in m, 𝑃𝑂2𝑓𝑒𝑒𝑑  is pressure at the feed steam side in bar, 𝑃𝑂2𝑝𝑒𝑟𝑚 is pressure at the permeate side in bar, 𝐶𝑤𝑎𝑔𝑛𝑒𝑟 

is a constant dependent on material in mol/(m*s*K), and  𝐾𝑤𝑎𝑔𝑛𝑒𝑟 is a constant expressed in K. 



 

 

 

Figure. 3. The setup of the nCO2PP model in the Ebsilon software for the cryogenic case (without the ASU 
model) [22] 

 

Coefficients 𝐾𝑤𝑎𝑔𝑛𝑒𝑟  and 𝐶𝑤𝑎𝑔𝑛𝑒𝑟 are dependent on the membrane material and they values are determined 

experimentally but in this case values from the literature were taken [11, 12]. 



The presented formula is an Arrhenius approach to Wagner equation, which assumes ionic conductivity is 
more important in the permeation process in the membrane than the electron based conductivity [11].  

 

 

Figure. 4. The setup of the cryogenic ASU model in the Ebsilon software for 99.5% oxygen purity 

 
3.3. Energy penalty and emissivity 

For both oxygen production techniques, an important parameter is the energy penalty of oxygen production, 
which is expressed by the Eq. (6): 

𝑒𝑝𝑒𝑛 =
𝑁𝐴𝑆𝑈

�̇�𝑂2 ∗ 3600
 (6) 

where NASU is power for the needs of oxygen production expressed in kW and ṁO2 is the produced oxygen 
mass flow expressed in kg/s.  

 

As the considered cycle name says, an essential factor is the emission potential (Eq. (7)) of the whole system, 
which can be defined with Eq. (7) [23, 24]: 

 𝑒𝐶𝑂2 = 𝑅
�̇�4−𝐶𝑂2

𝑁𝑡 − 𝑁𝑐𝑝
3600   (7) 

where �̇�4−𝐶𝑂2 is mass flow rate of carbon dioxide at the outlet of the CCS, R is a factor describing energy 
source as renewable energy (R for sewage sludge is 90% according to the Polish law [25]). Emission potential 
eCO2 is expressed in kgCO2/(MWh).  

The emission calculations should be carried out properly and carefully if the power cycle is integrated with the 
carbon capture and storage unit. If an energy source is only partly considered as a renewable source of energy, 
emissions should be multiplied by the factor that accounts for it. In this case, the relative emissions of carbon 

dioxide were multiplied by η
net

. The relative emission is presented by Eq. (8).  

 

𝜂𝑛𝑒𝑡 ∙ 𝑒𝐶𝑂2
=

𝑁𝑡 − 𝑁𝑐𝑝

𝐿𝐻𝑉𝑔𝑎𝑠 ∙ �̇�0−𝑓𝑢𝑒𝑙

𝑅
�̇�4−𝐶𝑂2

𝑁𝑡 − 𝑁𝑐𝑝
3600 = 𝑅

�̇�4−𝐶𝑂2

�̇�𝐶𝐶

3600  
(8) 

   

Avoided eCO2 for the negative emission power plant is a sum of emissions without CO2 capture and the value 
of negative emissions obtained because of the application of renewable energy source [24].  

4. Assumptions 
For the purpose of calculations, several assumptions were made. The nCO2PP cycle uses sewage sludge as 
feedstock for gasification and fuel production. The combustion process is carried out with oxygen as the 
oxidizer. On top of the mentioned earlier, the following assumptions have been made in calculations: 

▪ mixture of fuel and oxidant is stoichiometric,  

▪ mass flow rate of exhaust gases is constant, and its value is 0.1 kg/s, 



▪ temperature in the combustion chamber is constant and its value is 1100 oC, 

▪ pressure in the combustion chamber is constant and its value is 10.5 bar, 

▪ pressure after turbines GT and GTbap are respectively 1 bar and 0.078 bar. 

Calculations were carried out for two oxygen production stations. For cryogenic installation, two analyses 
dependent on oxygen purity were made, namely one for 99.5% (extremely high with higher energy penalty) 
purity and the second for 96% purity (accepted value for many technical processes). The air at the inlet to the 
cryogenic unit was compressed to 5.8 bar. For OTM solution also two analyses were made with constant 
oxygen purity at the level of 99.5%. However, one for 96 cm2 membrane area and the second for 12 cm2. 
Oxygen flux through the membrane is dependent on several features. The first one is a membrane thickness, 
which was set as 1 mm as in the literature [26]. The process temperature was set as 740℃, because of 
possibility of heating up in the heat exchanger after gasification process. Values of the mentioned coefficients 

Kwagner and Cwagner were taken from literature respectively as 6201 K and 1.004*10−6 mol/(msK) [11, 12]. 

Syngas from sewage sludge gasification has the following composition: 13.31% CO, 5.12% H2, 11.46% CH4, 
59.29% CO2, 8.03% C3H8, and its LHV is 17.44 MJ/kg.  

Other assumptions are included in Table 1. 

Table 1. Assumptions for the thermodynamic cycle negative CO2 gas power plant (nCO2PP) integrated with 

gasification and ASU 

Parameter Symbol Unit Value 

Initial fuel temperature 𝑡𝑓𝑢𝑒𝑙 ⁰C 50 

Initial oxygen temperature 𝑡𝑂2 ⁰C 15 

Syngas fuel pressure before Cfuel compressor 𝑝0−𝑓𝑢𝑒𝑙 bar 1 

Oxygen pressure before CO2 compressor 𝑝0−𝑂2 bar 1 

Regenerative water pressure to WCC 𝑝1−𝐻2𝑂 bar 254.95 

Exhaust vapor quality after HE1 𝑥5 - 0.999 

Exhaust temperature after HE1, before SEC 𝑡5 ⁰C 62.77 
CO2 pressure after compressor CCCU1 𝑝2−𝐶𝐶𝑈 bar 40 

CO2 pressure after compressor CCCU2 𝑝4−𝐶𝐶𝑈 bar 90 

H2O temperature after HE4 𝑡2−𝐻2𝑂 ⁰C 91.67 

CO2 temperature after HE3 𝑡3−𝐶𝐶𝑈 ⁰C 110 
Water vapor from Separator in 1CCU mixed with CO2 vapor - % 100% humid 

Pressure after GT
bap

 𝑝4 bar 0.078 

Temperature after SEC 𝑡6 ⁰C 18.03 

Turbine GT, internal efficiency (𝜂𝑖) 𝜂𝑖𝐺𝑇 - 0.89 

Turbine GTbap, 𝜂𝑖 𝜂𝑖𝐺𝑇−𝑏𝑎𝑝 - 0.89 

Fuel compressor Cfuel, 𝜂𝑖 𝜂𝑖𝐶−𝑓𝑢𝑒𝑙 - 0.89 

Oxygen compressor CO2, 𝜂𝑖 𝜂𝑖𝐶−𝑂2 - 0.87 

Water pump PH2O, 𝜂𝑖 𝜂𝑖𝑃−𝐻2𝑂 - 0.43 

Water pump PSEC, 𝜂𝑖 𝜂𝑖𝑃−𝑆𝐸𝐶 - 0.80 
CO2 compressor CCO2-1, 𝜂𝑖 𝜂𝑖𝐶−𝐶𝑂2−1 - 0.85 
CO2 compressor CCO2-2, 𝜂𝑖 𝜂𝑖𝐶−𝐶𝑂2−2 - 0.85 

Mechanical efficiency for all devices 𝜂𝑚 - 0.99 

Gasification process efficiency 𝜂𝑅𝐻
 - 0.8652 

 

5. Results  
In the course of calculations four scenarios were considered, i.e.: 

• cryogenic air separation with 99.5% oxygen purity,  

• cryogenic air separation with 96% oxygen purity,  

• oxygen transport membrane separation with 96 cm2 membrane area,  

• oxygen transport membrane with 12 cm2 membrane area.  

In all cases exhaust mass flow after the combustion chamber was 100 g/s, and the temperature in the 
combustion chamber was 1100℃. Also in all cases pressure in the combustion chamber was 10.5 bar. Start 
values of fluids (air at the inlet of the air compressor and fuel at the inlet to gasifier) were set as 1 bar pressure 
and 15℃ temperature. Between two turbines GT and GTbap is a bleed stream for transporting part of the 
exhaust to the gasifier, and its pressure is 1 bar. All the results are shown in Table 2. In the first two columns 
on the left side are the results for nCO2pp with different oxygen purities produced in cryogenic air separation 



unit. In the second two columns are presented results for nCO2pp with oxygen transport membrane with two 
different membrane areas. In Table 3 results of respective emissions are provided.  

 

Table 2. Results of power output and efficiency of the analyses for all cases  

   
nCO2pp with cryogenic ASU nCO2pp with OTM  

   

oxygen purity 
99.5% 

oxygen purity 
96% 

membrane 
area 96 cm2 

membrane 
area 12 

cm2 

Mass flow at the outlet 
of the WCC  m2 g/s 100.00 100.00 100.00 100.00 
Exhaust temperature at 
the outlet of the WCC t2 ℃ 1100.00 1100.00 1100.00 1100.00 

Oxygen purity   % 99.50 96.00 99.50 99.5 

Turbine bleed pressure  bar 1.00 1.00 1.00 1.00 

Turbine power output  Nt kW 143.05 143.68 144.54 144.61 
Power for ASU/OTM 
needs NASU kW 27.03 18.97 14.00 14.81 

Power for own needs NCP  kW 67.79 60.62 56.66 58.17 

Fuel heat  LHV kW 306.27 306.08 305.44 304.17 

Gross efficiency  𝜂𝑔 % 46.71 46.94 47.32 47.54 

Nett efficiency  𝜂𝑛𝑒𝑡 % 24.57 27.14 28.77 28.42 

Cumulative efficiency  𝜂𝑐𝑢𝑚 % 21.26 23.48 24.89 24.59 

Energy penalty 𝑒𝑝𝑒𝑛 kWh/kgO2 0.346 0.242 0.179 0.190 

 

Table 3. Results of emissions for all analyzed cases  

   nCO2pp with cryogenic ASU nCO2pp with OTM  

   

oxygen purity 
99.5% 

oxygen purity 
96% 

membrane 
area 115.11 

m2 

membrane 
area 300 m2 

Emission of CO2 eCO2 kgCO2/MWh -861.05 -741.15 -700.51 -712.20 

Relative emissivity 
of CO2 

𝜂𝑛𝑒𝑡

∙ 𝑒𝐶𝑂2
 kgCO2/MWh -211.58 -201.12 -201.54 -202.39 

Avoided CO2 
emission  

Avoid 
CO2 kgCO2/MWh 1817.77 1564.65 1478.85 1503.52 

 

6. Discussion 
It was not obvious, which approach to oxygen production will be more appropriate for the negative CO2 
emission gas power plant. Both cryogenic distillation and oxygen transport membrane technologies are 
regarded as energy-consuming. In previous research, only cryogenic air separation was taken into 
consideration [22]. The nCO2pp power cycle has a characteristic gasifier that produces fuel at 967℃ [21]. This 
fact was a strong reason to investigate the oxygen transport membrane which needs a heat source.  

Calculations indicate that net efficiencies of the nCO2PP for the cryogenic ASU for 99.5% and 96% oxygen 
purities are 24.57% and 27.14%. Taking into account a gasifier efficiency which was 86.52%, cumulative 
efficiencies values for the cycle with cryogenic ASU are 21.26% and 23.48% for higher oxygen purity and lower 
oxygen purity, respectively. It was similar to the cycle integrated with OTM. The nCO2PP reached higher 
efficiency when the OTM area was larger. For 96 cm2 membrane area net efficiency and cumulative efficiency 
were 28.77% and 24.89%. For nearly six times smaller membrane area of 12 cm2, these efficiencies were 
28.42% and 24.59%. It is worth mentioning that by comparing cryogenic ASU (99.5% oxygen purity) and 
membranes, efficiency savings can be obtained. For 96 cm2 of membrane area, it is 4.2%, and for 12 cm2 is 
3.85%. In [12] Portillo got 5% efficiency saving comparing these two technologies. Undeniably is the fact, that 
OTM ASU is thermally integrated with the nCO2PP, and the membrane does not require a heat source from 
the outside. All heat for air heating is taken from the gasification process, so it is internal cycle heat. It is very 
possible that the OTM solution would not be effective if there was a need to supply the heat source from the 
outside.  



According to the results, the power demand for cryogenic ASU is 18.89% and 13.20% of the cycle generated 
power, respectively for 99.6% oxygen purity and 96% oxygen purity. According to the literature, cryogenic ASU 
should be responsible for 6-7% power loss for industrial solutions [27]. For lower stream rates, the energy 
requirement of the ASU becomes significantly higher, especially for demonstration and laboratory solutions. 
Therefore, this study considers a different solution, namely OTM. On the other hand, oxygen transport 
membrane unit power requirements are 9.69% and 10.24% of the generated power, respectively  
for 96 cm2 membrane area and 12 cm2 membrane area. It is very visible that power requirements for OTM are 
strongly dependent on the membrane area. It is similar to membrane thickness, air temperature, and 
membrane material [11, 12, 26]. 

An important thing is also the power needed to produce oxygen unit. To ensure a stoichiometric combustion 
process, to the combustion chamber 0.0217 kg/s oxygen mass flow was transported in all four cases. Obtained 
power consumption values for cryogenic ASU are 0.346 kWh/kgO2 and 0.242 kWh/kgO2 for 99.5% oxygen 
purity and 96% oxygen purity. It can be said those values are possible, especially in the light of the statement 
by Aneke [28] who says that for 99.9% oxygen purity the power consumption is 0.357 kWh/kgO2, Tafone in 
[29] for 99.5% in his research assumes 0.370 kWh/kgO2, and Fu C. in [4] says that for 95% purity the power 
consumption is 0.229 kWh/kgO2. For OTM oxygen production 0.179 kWh/kgO2 and 0.190 kWh/kgO2 power 
consumption for 96 cm2 and 12 cm2 membrane area were obtained. Perhaps in this work, the membrane area 
doesn’t occur to be a significant factor but if a bigger power cycle were considered, it would might be a very 
important thing for examination. According to every special case, it might be more effective to buy a smaller 
membrane but use more power during operation, or to buy a bigger membrane but use less power.    
Nevertheless, some researches show [30] that an infinite increase of the membrane area has rather a small 
effect on power saving.  

Emissivity results are interesting. According to the results, cases with theoretically lower efficiency (cryogenic 
ASU with 99.5% oxygen purity and OTM with 12 cm2 membrane area) reached a larger value of negative CO2 
emission. These two scenarios also obtained higher values of avoided CO2 emission. It is because these two 
solutions have higher values of power for their own needs, which is important according to Eq. (7). Negative 
emission occurs due to the use of renewable energy source as fuel and using CCS installation. If there was 
only one of these two solutions, the power plant would be zero emissive.  

7. Conclusions 
The main novelty of the present work was the thermodynamic analysis of the nCO2PP cycle integrated with 
gasification and an OTM-type oxygen separation station. As the objective of the paper was to find an 
appropriate way of oxygen production technology for the negative CO2 emission gas power plant (nCO2PP) it 
proved to be an uneasy task. Firstly, cryogenic air distillation was regarded to be a superior technology as it is 
recommended in most of the literature. However, the efficiency reductions obtained indicate that for such low 
flows of oxygen produced (as assumed in calculations), it makes more sense to buy it from industrial producers.  

According to the obtained results, the oxygen transport membrane has better perspectives for the nCO2PP, 
especially because of a large amount of heat from the sewage sludge gasification process. To be sure of that, 
more factors such as membrane material, area, process temperature, and pressure difference at both sides 
of the membrane should be widely considered by CFD calculation. However, this is beyond the scope of this 
paper. 
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Nomenclature 
𝐶𝑤𝑎𝑔𝑛𝑒𝑟 constant dependent on the material, mol/(msK) 

𝑑𝑚 membrane thickness, mm 

𝑒𝐶𝑂2 emissivity, kgCO2/MWh 

𝑒𝑝𝑒𝑛 energy penalty, mWh/kgO2 

𝑗𝑂2 oxygen permetaion rate mol/(m2s) 

𝐾𝑤𝑎𝑔𝑛𝑒𝑟 constant dependent on the material, K 

LVH lower heating value, MJ/kg 



m mas flow, kg/s 

𝑁𝐴𝑆𝑈 power for air separation needs, kW 

𝑁𝐶𝐶𝐶𝑆
 power for CCS compressors needs, kW  

𝑁𝐶𝑃 power for own needs, kW 

𝑁𝐶𝑓𝑢𝑒𝑙
power for fuel compressor needs, kW, 

𝑁𝐶𝑂2
 power for oxygen compressor needs, kW, 

𝑁𝑃𝐻2𝑂
 power for water pump needs, kW, 

𝑁𝑃𝑆𝐸𝐶
 power for SEC pump needs, kW, 

𝑁𝑡 combined turbines power, kW  

𝑃𝑂2𝑓𝑒𝑒𝑑   pressure at the membrane feed stream side, bar 

𝑃𝑂2𝑝𝑒𝑟𝑚 pressure at the membrane permeate stream side, bar 

𝑅 factor describing energy source as renewable, - 

t temperature, ℃ 

𝑇𝑚 process temperature, K 

�̇�𝐶𝐶 chemical rate of combustion, kW 

Abbreviations  

AC after-cooler 

ASU air separation unit  

BCCS bioenergy with carbon capture and storage  

C compressor 

CCS carbon capture and storage  

G generator 

GS  gas scrubber 

GT gas turbine 

HE  heat exchanger 

nCO2PP negative CO2 emission gas power plant 

OTM oxygen transport membrane  

P pump 

PC pre-cooler 

R gasifier 

RC rectification column 

SEC spray ejector condenser 

WCC wet combustion chamber 

Greek Symbols  

𝜂𝑐𝑢𝑚 cumulative efficiency, % 

𝜂𝑔   gross efficiency of the cycle, %  

𝜂𝑛𝑒𝑡 net efficiency of the cycle, %  

𝜂𝑅𝐻
 gasifier efficiency, %  
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Abstract: 

Cities have great potential to implement innovative solutions and improve energy efficiency and the use of 
non-conventional energy sources, laying the foundations for a new, more sustainable urban model. With this 
vision and the aim of finding solutions to this challenge, Madrid Subterra emerges. This work is within the 
project of this association created with the aim of promoting the exploration and exploitation of the potential of 
clean and renewable energy of the urban subsoil of Madrid. This study analyses the energy use of the Seville 
Metro station for the thermal supply of the Building of the Ministry of Environment of the Community of Madrid. 
The main goal is to extract the waste heat generated in the metro tunnels due to the traction and braking of 
machines, auxiliary facilities, or transit of people on the platforms and use it to produce domestic hot water 
(DHW) using a heat pump to supply the referred building. This concept could reduce the temperature in Metro 
facilities and save energy. From the tunnel the ventilation flow and temperatures data, the performance of the 
system has been estimated using the CoolPack program. The results obtained show that this system could 
supply domestic hot water for 7640 people per month with a COP of 2.663 and SCOP of 1.975.    
 

Keywords: 

Circular Economy; Energy Saving; Sustainability; Thermal supply; Waste Heat;  

1. Introduction 
Cities today and focusing on the specific case of the city of Madrid, has a great potential for waste heat that is 
generated in tunnels and platforms. This waste heat could be studied, extracted and implemented innovative 
solutions for improving energy efficiency and using non-conventional energy sources. This potential can be 
boosted to further reduce CO2 emissions and make cities more sustainable. For all the above, the Madrid 
Subterra Association arises, created with the aim of promoting the exploration and exploitation of the clean 
and renewable energy potential of Madrid's urban land, allowing to transform the current vicious circle of waste, 
and overheating into a virtuous circle of energy efficiency. 

Heat pumps are considered one of the most efficient heating and cooling systems and, according to Directive 
28/2009/EC, the aerothermal, geothermal or hydrothermal energy captured by these appliances is considered 
energy from renewable sources. For these reasons, they will play a key role in reducing greenhouse gas 
emissions [1]. 

Aerothermal energy encompasses all the systems that allow energy to be extracted from the air. The most 
used technology for the use of aerothermal energy is the air-water heat pump that is developed in this work 
and that allows heating or cooling the water of a building, Figure 1.  

Heat pumps consume up to 70% less energy than a traditional heating system. The consumption will depend 
on the type of heat pump we have, in the case of the aerothermal heat pump, the consumption would be 1 kW 
electric and would allow to deliver up to 4 kW of heating.  
The International Energy Agency, in its 2016 report on Energy Efficiency, considered the heat pump as the 
Best Available Technology (BAT) for space heating. In addition, Greenpeace in 2011 chose the heat pump as 
the best heating system when it comes to energy efficiency.  
The objective of this work is to take advantage of clean and renewable energy from the subsoil in Metro de 
Madrid's infrastructures. It is intended to extract the waste heat generated in the metro tunnels due to the 
traction and braking of machines, auxiliary facilities, or transit of people on the platforms and use it to produce 
domestic heat water (DHW) of a building in the Community of Madrid, thus assuming savings in kWh. 
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Figure 1.  Heat Pump. Source https://www.bordgaisenergy.ie/home/heat-pump-guide    

 

The study of the thermal use of air will be carried, out in the Seville metro station and in the Building of the 
Ministry of Environment of the Community of Madrid, Figure 2. 

 

 

Figure 2.  Location of Metro Sevilla and the building of the Ministry of Environment 
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Sevilla Metro station is a station on line 2 of the Madrid Metro located under Calle Alcala, at the junction with 
Calle de Sevilla, which gives its name to the station.  It is a very small station of approximately 1000 m2, with 
"light" trains of 4 cars, with platforms of 60 m and with low influx according to the data provided with Metro 
Madrid. 

The objective of the work is, therefore, to have an estimate of the liters of domestic heat water that could be 
obtained from the flow of air extracted by means of the fans of the extraction well. In addition, the number of 
people inside the Building of the Ministry of Environment that could be supplied with that volume of water will 
be estimated.  

 

2. Methodology 
The methodology followed in this study consists of three steps: 

• Step 1: The simulations provided by Metro de Madrid corresponding to the Seville station allow us to 
know and analyze the air temperatures and the ventilation flows of the tunnel and determine the design 
conditions.  

• Step 2:  The aerothermal heat pump is designed and sized.  The result of this step is the fundamental 
parameters of the heat pump. 

• Step 3: The installation performance is estimated using the CoolPack program [2] from the results 
obtained in the previous steps. 

The centralized DHW installation object of this study has been designed according to the Technical Guide of 
Central Sanitary Hot Water of the IDEA [3].  This document establishes certain design criteria, especially 
highlighting the importance of control over Legionella.  The hygienic-sanitary measures that must be adopted 
in those facilities in which Legionella is capable of proliferating and spreading are described on the Royal 
Decree 487/2022, of June 21 [4]. 

 

2.1. Analysis of the data provided by Metro Madrid. 

For the calculation of the use of heat from the Seville Metro station, the simulations provided by Metro Madrid 
have been analyzed. In them, there is on the one hand the thermal evolution in a winter, half-time and summer 
day for four fundamental domains: station (platform level), vestibules and the two adjacent tunnel sections. On 
the other hand, there is the flow of air, which is massively directed to the shafts of the tunnels, and especially 
to the tunnel of Banco de España, (Tunnel 1) since it has forced ventilation. The place chosen to put the pump 
and carry out the study is Tunnel 1 due to its greater air extraction flow, Figure 3. 

 

The following points have been considered for the study and diagnosis: 

 

• It has been decided to work according to the key variables of the problem: the ventilation flow and 
temperatures.  An average temperature will be taken for winter, halftime and summer, Table 1. 

• Operating hours of the fans, in winter they would work 10 hours a day, in halftime 13 and in summer they 
would be on for 15 hours extracting the air flow, according to the data provided by Metro Madrid. 

 

 

Table 1.  Average data of the selected temperature Metro Madrid. 

Parameters Values 

Average winter temperature 12.9 oC 

Average halftime temperature  17.6 oC 

Average summer temperature 20.9 oC 

 

 
With these data, we proceed to define the design of the components of the heat pump that would be installed 
in Tunnel 1 and the selection of the parameters of the simple thermodynamic cycle with which it would work. 
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Figure 3.  Photo of the place where the Heat Pump will be located. 

 
2.2. Design and size of the aerothermal heat pump. 

The proposed installation will comprise a simple heat pump system that consists of four primary components: 
a compressor, two heat exchangers (condenser and evaporator), and an expansion valve, as depicted in 
Figure 1. The initial calculation parameters selected for the analysis are specified in Table 2. 

 

Table 2.  Parameters for calculating. 

Parameters Data 

Domestic hot water temperature 55ºC [3] 

Condensation temperature 60ºC    

Subcooling temperature 10K     

Useful superheat temperature 7K     

Exhaust air flow 30 m3/s (Tunnel 1) 

Seasonal temperature data Table 1 

 

2.2.1. Evaporator. 

The evaporator serves as a heat exchanger, facilitating the phase change of the refrigerant from liquid to vapor 
while absorbing heat. In order to determine the power associated with the evaporator, Eq. (1) is employed, 
considering the parameters outlined in Table 3 in order to evaluate the energy balance between evaporator 
refrigerant and air to subtract heat.  

 

𝑄(𝑘𝑊) = �̇�𝑎𝑖𝑟 (
𝑚3

𝑠
) ∙  𝜌 (

𝑘𝑔

𝑚3) ∙ 𝐶𝑝 (
𝑘𝐽

𝑘𝑔𝐾
) ∙ ∆𝑇 = �̇�refrigerant · ∆h                                                         (1) 
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Table 3.  Parameters for calculating the power of the evaporator. 

Parameters Data 

Air flow (�̇�𝑎𝑖𝑟) 30 m3/s 

Air density (ρ) 1.2 kg/m3 

Specific heat of air (Cp) 1.007 kJ/kg K 

Temperature difference at evaporator inlet and outlet (∆T) Variable in the study 

 
Upon analysis of the evaporator power results presented in Table 4, it was observed that the extracted power 
remained independent of variations in the air inlet temperature. It should be noted that the calculation of 
efficiency is contingent upon the time of year for which it is being computed.  

 
Table 4.  Evaporator powers (Qevap), according to thermal jump. 

∆T (K) Qevap(kW) 

2  72.5 

4 145.0 

6 217.5 

8 290.0 

 
 
In order to determine the efficiency of the evaporator, the NTU (Number of Transfer Units) Effectiveness 
Method [5] is employed, Eq. (2). Number of Transfer Units (NTU) is a dimensionless parameter used in heat 
exchanger analysis to determine the efficiency of heat transfer. It is defined as the product of the overall heat 
transfer   coefficient and the effective heat exchanger length, divided by the heat capacity rate.  
 

∈= 1 − 𝑒𝑁𝑇𝑈                                                                                                                                      (2)                                

 
The analysis entails experimentation with varied evaporator temperatures (Tevap) during three seasonal 
periods, namely winter, mid-season, and summer. Ultimately, the case with the highest evaporator power 
Table 4 is chosen. The results, including Tms (the temperature at the outlet of the evaporator), LMTD 
(logarithmic mean temperature difference), and UA (heat transfer coefficient per unit area) are documented in 
Table 5 and referred in [5] and [6]. 

Table 5.  Data selected for the highest evaporator power in each seasonal period. 

Period seasonal Tevap (ºC) ∆T (K) Tms (ºC) Qevap (kW) LMTD UA (kW/K) NTU Efficiency 

Winter 4 8 4.9 290.0 3.4 83.1 2.3 89.9 

Mid-season 4 8 9.6 290.0 10.2 28.4 0.8 54.3 

Summer 4 8 12.9 290.0 12.4 23.3 0.6 47.4 

 

2.2.2. Condenser. 

The next point is to set the condensation temperature. As previously defined, the purpose of the work is to be 
able to supply DHW, therefore the temperature is 60 ºC  which will be the same as the condenser temperature 
(Tcond.), the domestic heat water temperatures Ts = 55 ºC [3], the cold-water temperature (Twater), whose 
average values are detailed in Table 6 and the Eq. (3) and Eq. (4), we are defined the analysis of the condenser 
at each time of the year Table 7.  

Table 6. Temperature of the cold-water network of Madrid.  

Seasonal period Cold water temperature of the Madrid network (oC) 

Winter 7  

Halftime 13  

Summer 10.8  

 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

𝑄𝑐𝑜𝑛𝑑 = 𝑈𝐴 ∙ 𝐿𝑀𝑇𝐷                  (3) 

 

𝐿𝑀𝑇𝐷 =
𝑇𝑠−𝑇𝑤𝑎𝑡𝑒𝑟

𝑙𝑛(
𝑇𝑐𝑜𝑛𝑑−𝑇𝑤𝑎𝑡𝑒𝑟

𝑇𝑐𝑜𝑛𝑑−𝑇𝑠
)
                    (4) 

 

Table 7.  Analysis of the condenser according to the seasonal period. 

Seasonal period Ts (o C) Twater (o C) Tcond (o C) LMTD UA (kW/K) Qcond (kW) 

Winter 55 7 60 20.1 83.1 1667.2 

Halftime 55 13 60 18.7 23.2 435.7 

Summer 55 10.8 60 19.3 28.4 548.0 

 

2.2.3. Compressor. 

Its function is to increase the pressure (and temperature) of the refrigerant. The refrigerant must be entirely in 
a gaseous state, if there was refrigerant in a liquid state, it would lead to serious damage to the compressor. 
Gas compression losses and charge losses in refrigerant circulation shall be considered. Will be used for the 
calculation of the thermodynamic cycle performance the CoolPack Software [2]. This program uses by default 
an isentropic yield of 0.7 and a loss factor of 10%. 
 
 

2.2.4. Expansion Valve. 

The coolant passes through expansion valve, decreasing its pressure and increasing its volume abruptly at 
the outlet. Some of the liquid coolant evaporates with the pressure reduction. The amount of refrigerant gas 
produced shall be kept to a minimum to increase the performance of the evaporator. 
 

2.3. Study of the system efficiency. 

Determination of fundamental parameters of this type of systems to realistically study how efficient the 
aerothermal system is: 
 
✓ COP (electricity consumption required to meet heat demand)  
✓ sCOP (Seasonal Coefficient of Performance).  
  

2.3.1. Determination of the COPs 

This parameter is essential when analyzing the operation of a heat pump. To improve the COP of the pumps, 
it is important that the condensation temperature is as low as possible, and that the evaporation temperature 
is as high as possible.  
 
The operating or performance coefficient (COP) is an expression of the efficiency of a heat pump. In this 
case, it is a relationship between the heat transferred and the electrical energy consumed mainly by the 
compressor, Eq. (5). 
 

𝐶𝑂𝑃 =
𝑄

𝑊𝑐𝑜𝑚𝑝
                                                                                                                        (5) 

 
The study of the electricity consumption required to meet the heat demand is carried out with the CoolPack 
program that allows you to enter the parameters with which you are going to work: 

• evaporation temperature, condensation temperature, subcooling, useful reheating, compressor 
performance, air flow and type of refrigerant. The values of these parameters are reflected in the Table 8. 
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Table 8.  Heat pump cycle parameters. 

Parameters Values 

Evaporation temperature 4 ºC 
Condensation temperature 60 ºC 

Compressor efficiency 0.7 

Evaporation capacity 290.016 kW 

Subcooling 10 K 

Useful reheating 7 K 

Useless overheating 1 K 

Refrigerant (the program defaults) R290 

 
This analysis is fundamental since this value supposes a first filter for the viability of the supposed heat pump. 
For proper efficiency and functionality, a heat pump must reach a COP of between 2 and 6, depending on the 
difference between the temperatures of both sources (indoor or outdoor). In this work, a value of COP= 2.663 
is obtained, Figure 4. 
 
In addition, with the COP you can make a comparison between the price of fuel (natural heat source) and the 
electricity price (cost of operation with heat pump) that we see below: 
 

• COP < 2.5 the variable thermal cost with boilers is lower than with heat pump. 

• COP=2.5 the thermal variable cost is identical in both cases. 

• COP > 2.5 the variable thermal cost with boilers is higher than with heat pumps. 
 

 

Figure 4.  Obtaining COP with the CoolPack program. 

 
 
There is a very important point in heat pumps, and it is the issue of the refrigerant used. In the previous 
analysis, the R290 is used, which defaults to the CoolPack program. To get an idea of how important the 
refrigerant is, is represented in the following, how the COP change depending on the refrigerant used, Figure 
5. 
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Figure 5.  COP results with different refrigerants. 

 
Based on this analysis we could conclude that the best refrigerant would be R717, but differences are quite 
small with R600A, R134a, R22, R1270, model uncertainties can group these refrigerants with the same 
possibilities to be the better one. However, other factors must be considered when choosing the refrigerant, 
such as safety, environment, corrosion resistance and at the same time good thermodynamic properties [7]. 
 

2.3.2. Determination of sCOP 

 
After obtaining the potential COP values for a heat pump, an additional parameter that holds greater 
significance is introduced when evaluating the installation's performance. This parameter is known as the 
Seasonal Coefficient of Performance (sCOP). The main difference between the COP and the sCOP is that the 
latter refers to the seasonal term, i.e. a certain period of time, while the former refers to a specific operation 
conditions.  
 
For the estimation of sCOP values, the procedure explained in the IDEA [8] document "Average seasonal 
performance of heat pumps" is followed.  

 
The average seasonal performance of an equipment or system (SPF) shall be calculated by multiplying its 
rated performance (COP) by a factor called the representative weighting factor (FP), Table 9, and by a 
correction factor (FC), Table 10, for the different technologies and applications of electrically driven heat 
pumps.  The weighting factor considers the different climatic zones of Spain marked by the CTE [9] and has 
been calculated using an exclusively technical methodology, using objective values and existing recognized 
documents. The correction factor considers the difference between the distribution or use temperature and the 
temperature for which the COP have been obtained in the test. 
 

Table 9.  Weighting factor (FP) [8] 

Heat pump energy source A B C D E 

Aerothermal energy. Centralized teams 0.87 0.80 0.80 0.75 0.75 

Aerothermal energy. Individual teams type Split. 0.66 0.68 0.68 0.64 0.64 

Hydrothermal Energy 0.99 0.96 0.92 0.86 0.80 

Closed-loop geothermal energy. Horizontal heat exchangers 1.05 1.01 0.97 0.90 0.85 

Closed-loop geothermal energy. Vertical heat exchangers 1.24 1.23 1.18 1.11 1.03 

Open Circuit Geothermal Energy 1.31 1.30 1.23 1.17 1.09 
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Madrid is a zone of climatic severity D as can be seen in Figure 6.  The type of heat pump used throughout 
the document is aerothermal, therefore, the weighting factor (FP) that corresponds to it is FP = 0.75. 
 

 

Figure 6.  Climate zones in Spain 

 
For the choice of the correction factor (FC) the one that agrees with the COP at 60ºC is chosen, this being the 
ideal condensation temperature to supply domestic hot water to the building of the Ministry of the Environment.  
According to Table 10 we are left with the correction factor being FC=1. 

 
Table 10.  FC correction factor 

Condensation 
temperature 
      (oC) 

FC (COP a 
35 oC) 

FC (COP a 
40 oC) 

FC (COP a 
45 oC) 

FC 
(COP a  
50 oC) 

FC 
(COP a  
55 oC) 

FC 
(COP a  
60 oC) 

35 1.00 ------ ------ -------          ------ ------ 

40 0.87 1.00 ------ ------ ------ ------ 

45 0.77 0.89 1.00 ------ ------ ------ 

50 0.68 0.78 0.88 1.00 ------ ------ 

55 0.61 0.70 0.79 0.90 1.00 ------ 

60 0.55 0.63 0.71 0.81 0.90 1.00 

 

With the data explained above and the Eq. (6) a sCOP = 1.975 is obtained. 
 

𝒔𝑪𝑶𝑷 =  𝐶𝑂𝑃 𝑛𝑜𝑚𝑖𝑛𝑎𝑙 ∙  𝐹𝑃 ∙ 𝐹𝐶                    (6) 

The use of standard methodology to evaluate sCOP is clear, and it is quite useful. In this case, common 
methodology is not correct at all, because temperature in tunnels suffer different variations that in the 
environment air, so these coefficients are underestimating the real value of sCOP considering the comparison 
between air tunnels temperature variation and environmental air temperature variation. Further analysis with 
implemented temporal series will include this calculation of sCOP. 

 

3. Amount of domestic heat water produced 
With the data provided by Metro Madrid and the results calculated to compose the heat pump, the hot water 
flow is determined with the following Eq. (7), 

 

𝑄𝑐𝑜𝑛𝑑 = �̇�𝑤𝑎𝑡𝑒𝑟 (
𝑘𝑔

𝑠
) ∙ 𝐶𝑝 (

𝑘𝐽

𝑘𝑔∗𝐾
) ∙ (𝑇𝑠 − 𝑇𝑒)                                                                                  (7) 
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The power of the condenser (Qcond) estimated to calculate the production of domestic hot water is considered 
since the heating of the water occurs in this component. The formula uses a Cpwater = 4.196 kJ / kg K, the 
density of water ρwater = 999.91 kg / m3, the outlet temperature of domestic heat water Ts = 60ºC and the inlet 
temperature that coincides with that of the cold water of the Madrid network that will depend on the time of 
year collected in Table 6.  Thus, the flow of domestic heat water produced during the months of the year would 
be represented in the following graph, Figure 7. 

 

 

Figure 7.  DHW flow during the year per operating hour 

 

Upon analysis of the current air extraction rate from Tunnel 1 (108000 m3/h), it was determined that an average 
flow rate of 15007 liters/hour of fan operation can be produced. It should be noted that higher flows will be 
obtained during the winter season due to the greater power in the condenser resulting from much lower 
average air intake temperatures. Additionally, the hours of fan operation coincide with those of the heat pump 
to be installed in Tunnel 1. As such, the monthly amount of domestic hot water that can be obtained is also 
presented in Figure 8. 

 

 

Figure 8.  Flow rate in liters of DHW per month 
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Finally, if it is considered that in a public building such as the Building of the Ministry of Environment a person 
can consume 22.5 liters per day [9], an estimate can be made of the number of people that could cover the 
demand for DHW per month, Table 11. 

 

Table 11.  People who can be supplied with DHW from the extracted air flow. 

Month Qcond (KW) Te (oC) �̇�𝑤𝑎𝑡𝑒𝑟(m3/s) �̇�𝑤𝑎𝑡𝑒𝑟(l/h) Hours of operation l/day People 

January 1667 8 0.00764 27510 310 275096 12227 

February 1667 8 0.00764 27510 280 275096 12227 

March 1667 8 0.00764 27510 310 275096 12227 

April 548 11 0.00265 9557 390 124243 5522 

May 548 11 0.00265 9557 403 124243 5522 

June 436 13 0.00221 7955 450 119325 5303 

July 436 13 0.00221 7955 465 119325 5303 

August 436 13 0.00221 7955 465 119325 5303 

September 436 13 0.00221 7955 390 103415 4596 

October 548 11 0.00265 9557 403 128384 5706 

November 548 11 0.00265 9557 390 124243 5522 

December 1667 8 0.00764 27510 310 275096 12227 

 

4. Conclusions and future works 
Once the methodology for the study of the use of waste heat from the Bank of Spain Tunnel of the Seville 
Metro station has been established, it can be concluded that the  
1. Heat pump would produce an average flow of 15007 liters / hour during the hours in which they are 

operating throughout the day. In addition, the extraction of the air flow from Tunnel 1 could supply an 
average of 7640 people per month.  

2. With respect to the heat pump placed at the outlet of the air extraction well, it is obtained that using the 
refrigerant R290, an evaporation temperature of 4ºC and a condensation temperature according to that 
required for DHW (60ºC) a COP = 2.663 is reached, a positive value (> 2.5) when measuring the viability 
of the system for correct efficiency and functionality that would mean savings in euros compared to gas, 
but which remains below the minimum COP necessary (6.08 for DHW at 60ºC) to be considered 
renewable.  

3. The results of the Seasonal Coefficient of Performance are less encouraging since a value of 1.975 will 
be obtained, which is below the minimum 2.5 to be considered renewable according to the IDAE report. 
Anyway, IDAE sCOP methodology calculation procedure underestimate real value, as working conditions 
for Metro are better than the ones expected for the common use of this systems.[8] 

4. This concept helps to reduce the temperature in Metro facilities, that is a problem for the infrastructure as 
an all-year net heat source.  

 
However, the main essence of this project is the dissemination and awareness of the possibility of installing 
aerothermal systems capable of taking advantage of the residual heat of the subsoil of Madrid to achieve an 
energy use since a virtuous circle of heat recovery that would otherwise be wasted in the environment will be 
implemented regardless of whether it is renewable.  
 
The methodology developed will allow, using more precise data and details on the installation of the Building 
of the Ministry of the Environment, the dimensioning of the installation necessary to take advantage of the heat 
of the metro or numerous other equally unknown infrastructures with enormous potential to exploit.  
In conclusion, the results show that heat pumps are presented as indispensable allies of the energy efficiency 
of buildings in cities as it is the only proven and available system capable of producing great savings and 
reducing CO2 emissions in indoor air conditioning. 

 

Future works include the more precision evaluation of the annual production with temporal series of 
temperature and comparison with the alternative of a common aerothermal facility working with environmental 
air, as in summer the overground higher temperature gives better performance to the production of hot water. 
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Abstract 

Solid wastes management constitutes an unavoidable issue in modern overconsuming societies, but apart 
from that, it is also an energy source. Combustion of waste, like other carbonaceous fuels, emits carbon 
dioxide, which needs to be mitigated in order to achieve the Paris Agreement targets, concerning the limitation 
of carbon dioxide emissions in the atmosphere. The CCS implementation at waste to energy (WtE) plants is 
an attractive strategy to achieve this. Chemical Looping Combustion (CLC) is considered as a very promising 
combustion for power plants to produce efficiently thermal energy, given that it includes an inherent CO2 
capture, avoiding in this way the cost or energy penalties that accompany other existing CO2 capture 
technologies. In this study, the integrated model of a CLC unit fuelled with waste derived fuel for power 
production with the simultaneous CO2 capture in an effective way is presented. Several aspects that affect the 
overall plant efficiency such as the heat recovery configuration, the steam pressure level and the fuel type are 
assessed. Moreover, the CLC is benchmarked with other two competitive CO2 capture technologies, amine 
scrubbing and calcium looping. 

 

Keywords: Chemical looping combustion; waste to energy plants; CO2 capture; process modelling; Calcium 
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Introduction 

Chemical Looping Combustion (CLC) is an emerging technology for waste incineration, with an 

inherent CO2 capture. It is characterized by low energy penalty and high CO2 capture efficiency. The 

basic idea behind the Chemical Looping Combustion technology lies in the recirculation of an 

oxygen-carrier material between two interconnected fluidized bed reactors, reacting with atmospheric 

air in the one reactor (Air Reactor) and with the feedstock in the other (Fuel Reactor). The oxygen-

carrier material, usually in the form of a metal-oxide [1], has the ability to transfer oxygen from the 

atmospheric air to the fuel, therefore avoiding the formation of nitrogen oxides (NOx) and leading to 

the production of almost pure CO2 and H2O in the Fuel Reactor. After condensation of the Fuel 

Reactor flue gas, vapour is removed and hence CO2 can be captured and transported or further utilised. 

The Air Reactor flue gas consists mostly of N2 and O2 that did not react with the oxygen-carrier. What 

is more, apart from the fuel, a gas stream enters the Fuel Reactor needed for its fluidization, which is 

usually either steam or recirculated CO2. Chemical Looping Combustion is a rather new and up-and-

coming technology, so there is not so much experience yet with using waste as fuel. However, since 

waste incineration has been conducted already in fluidized beds in Waste-to-Energy plants, the 

transition to CLC is not expected to pose such a big challenge. The process flowsheet diagram of a 

simplified CLC system is depicted in Figure 1. 
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Figure 1: Schematic diagram of the Chemical Looping Combustion process (source: [2]) 

 

Regarding the post-combustion techniques for CO2 capture, chemical absorption in an aqueous MEA 

solution is widely considered as the most mature available technology. In this process, CO2 reacts 

with the solvent in an absorber column, forming chemical dissolved compounds. Subsequently, the 

solvent is regenerated in a stripper column due to the reversal of the chemical reactions at higher 

temperatures [3]. The necessary heat duty for the MEA regeneration is delivered by steam extraction 

of the initial power plant’s Rankine cycle. 

Calcium looping (CaL) is a promising post-combustion technology. This process relies on two 

reversible chemical reactions: carbonation and calcination. The first one occurs in a carbonator 

reactor, where CO2 is captured by reacting with solid lime (CaO) and limestone (CaCO3) is formed. 

Afterwards, the sorbent is regenerated in the calciner and CO2 is released and purified in a PCU [4]. 

As the calcination is an endothermic reaction, fuel (RDF) combustion is necessary to maintain a 

constant temperature whereas pure O2 is used as oxidizing agent in order to achieve high CO2 

concentrations in the calciner flue gas. 

Several studies and projects can be found in the literature that are dedicated in the implementation of 

CO2 capture technologies in Waste-to-Energy plants. In [5], Fortum Oslo Varme AS used Shell’s 

proprietary amine-based solvent DC-103 (previously untested in WtE flue gases) as a CO2 capture 

technology in a WtE plant in Oslo and achieved high carbon-capture efficiency (around 90-95%) 

while also diminishing its amine emissions (fewer than 0.4ppm) and operating successfully for over 

5000 hours. In Saga city, Japan, Toshiba has constructed a CCU facility, using an alkaline aqueous 

amine to capture CO2 from a WtE plant situated nearby, accomplishing capturing up to 10 tons of 

CO2 every day and further utilising it to cultivate crops and algae [6], [7]. Martin Haaf et al. in [8] 

presented the results of a 1MWth CaL pilot plant, using SRF as fuel in the calciner, which captured 

carbon dioxide from the flue gases, provided by the combustion of pulverized coal or natural gas. In 

[9], the implementation of a CaL unit with a WtE plant was studied, with SRF, natural gas, and coal 

being tried out as the additional fuel. Their study showed that the use of SRF achieved the lowest net 

electrical efficiency out of them all. In [10], a process simulation was carried out for a 60MWth CLC 

plant, fired by SRF, which achieved a very high carbon capture efficiency of 97% and had an oxygen 

demand of 17%, in order for the flue gas to be fully converted in the post-oxidation chamber. What 

is more, Yaqub et al., in [11] conducted experiments with plastic and paper waste in a batch fluidized-

bed reactor, which showed that the paper waste had a higher fractional conversion of CO to CO2, due 

to its augmented volatile content.  

 



 

Figure 2: Amine Scrubbing process                                                 Figure 3: Calcium Looping process 

 

This study analyses the implementation of the CLC technology with waste-derived fuels. The main 

purpose of this paper is to indicate which of the three abovementioned carbon capture technologies 

is more energy effective, taking into account in each case the net electricity production derived from 

the RDF combustion. 

 

2. Model description 
 

2.1 Chemical Looping Combustion 

The process simulations for all technologies are performed with ASPENPlusTM. The properties of the 

RDF fuel used in all cases are summarized in Table 1.  

 

Table 1. Fuel properties 

C 
(% d.b.) 

H 
(% d.b.) 

O  
(% d.b.) 

N  
(% d.b.) 

S 
(% d.b.) 

Cl (% 
d.b.) 

Ash 
(% d.b.) 

Moisture 
(w/w %) 

LHV  
(kJ/kg w/w) 

40.03 4.1 24.9 0.47 0.19 0.51 29.8 27.8 9598.9 

 

In CLC with solid waste, after the feedstock enters the Fuel Reactor, devolatilization and gasification 

of char take place, the products of which react with the oxygen-carrier. The reduced particles of the 

oxygen carrier (here ilmenite) are then transported to the Air Reactor to be oxidised, carrying some 

unconverted char particles with them. That char, if it reaches the Air Reactor, is oxidised by the air 

and transformed into CO2, which will later on be emitted in the atmosphere. Both reactors are 

modelled as an RSTOIC in the ASPEN flowsheet. The reactions taking place in the AR are the (R1) 

and (R2), while the reactions (R3) until (R8) are the ones occurring in the FR: 

 

 𝐶 +  𝑂2  → 𝐶𝑂2      (R1) 

 4𝐹𝑒𝑇𝑖𝑂3 +  𝑂2  → 2𝐹𝑒2𝑂3 + 4𝑇𝑖𝑂2      (R2) 

 𝐶ℎ𝑎𝑟 (𝑚𝑎𝑖𝑛𝑙𝑦 𝐶)  +  𝐻2𝑂 → 𝐶𝑂 +  𝐻2       (R3) 

 𝐶ℎ𝑎𝑟 (𝑚𝑎𝑖𝑛𝑙𝑦 𝐶)  + 𝐶𝑂2  →  2𝐶𝑂      (R4) 

 𝐶𝑂 +  𝐻2𝑂 → 𝐶𝑂2 + 𝐻2      (R5) 

  𝐶𝐻4 +  𝐹𝑒2𝑂3 + 2𝑇𝑖𝑂2 → 𝐶𝛰 +  2𝐻2 + 2𝐹𝑒𝑇𝑖𝑂3       (R6) 

 𝐶𝑂 +  𝐹𝑒2𝑂3 + 2𝑇𝑖𝑂2 →  𝐶𝑂2 +  2𝐹𝑒𝑇𝑖𝑂3      (R7) 

 𝐻2  +  𝐹𝑒2𝑂3 + 2𝑇𝑖𝑂2 →  𝐻2𝑂 +  2𝐹𝑒𝑇𝑖𝑂3       (R8) 

 

The rates of the reactions taking place in the FR were defined through ‘Design Specs’, so that the 

final composition of the FR exhaust gases would be in accordance with the composition of the 



corresponding gases from an application of a CLC plant with biomass (see Table 2). Given that there 

aren’t many literature sources regarding CLC operation with SRF, and that SRF has a large biogenic 

fraction, the admission was made that these two fuels should have a similar performance. Regarding 

the impurities such as SO2, NO and HCl that form in CLC applications with SRF, these were produced 

in a separate RSTOIC in the ASPEN flowsheet, preceding the FR, the reaction rates of which were 

based on data from different literatures sources. It should be stated that in reality, all these reactions 

take place in one reactor (the FR). In the AR, both the char and the oxygen-carrier were considered 

to convert fully to their products in the reactions (R1) and (R2) respectively.  

In order to reduce the amount of these CO2 emissions, a Carbon Stripper is used, separating the char 

particles from the oxygen-carrier and returning them back to the Fuel Reactor to be gasified. 

Unconverted gases in the FR flue gas can be fully oxidised to CO2 and H2O in a Post-Oxidation 

Chamber (POC), using a pure stream of O2. The thermal energy of the flue gases exiting the two 

reactors is used for the production of electricity in an adjoining Rankine Cycle and the preheating of 

air and steam needed in the AR and the FR respectively. For the superheating of steam, the heat of 

the AR flue gas is used, given that it is a stream clean from impurities, hence overcoming the problem 

of possible corrosion faced in most Waste-to-Energy plants, which limits the superheated steam 

temperature to 400°C. Therefore, the steam in this model was able to be superheated to a temperature 

of around 520°C and expanded in 3 stages in steam turbines [1]. The FR flue gas, being rich in CO2, 

after being cooled down to just before its dew point in the Rankine Cycle, is purified and gradually 

compressed and condensed to reach the appropriate conditions for CO2 capture and delivery [12]. On 

the other hand, the AR flue gas, after being cooled down to around 80°C, consisting mainly of N2, O2 

and CO2, is released in the atmosphere, therefore constituting the only CO2 emissions of the CLC 

system. 

Regarding the CO2 emissions of the plant, the carbon capture efficiency was introduced, calculated 

as the amount of carbonaceous gases (measured in kmol/s) in the off-gas that is captured to the amount 

of the total carbonaceous gases both captured and emitted to the atmosphere.  

                           𝜂𝐶𝐶 =
(𝐹𝐶𝑂2 + 𝐹𝐶𝑂 + 𝐹𝐶𝐻4)𝐹𝑅 𝑓𝑙𝑢𝑒 𝑔𝑎𝑠

(𝐹𝐶𝑂2 + 𝐹𝐶𝑂 + 𝐹𝐶𝐻4)𝐹𝑅 𝑓𝑙𝑢𝑒 𝑔𝑎𝑠 + (𝐹𝐶𝑂2)𝐴𝑅 𝑓𝑙𝑢𝑒 𝑔𝑎𝑠

                                                   (1) 

 

 Table 2: Main characteristics of the CLC case 

 

 

 

 

Temperature in FR / AR (°C) 950 / 1000 

Feedstock mass flow (kg/sec) 5.21 

Oxygen-carrier mass flow (kg/sec) 250 

FR flue gas mass flow (kg/sec) 8.29 

AR flue gas mass flow (kg/sec) 11.22 

Supercritical steam conditions (°C  /  bar) 520 / 80 

Total feedwater mass flow (kg/sec) 12.17  

O2 needed in POC (kg/sec) 1.22 

AR outlet flue gas composition (%vol) 97% N2, 2% CO2, 1% O2 

FR outlet flue gas composition (%vol) 28% CO2, 4% CO, 56% H2O, 8% H2, 3% CH4, 

1% impurities (SO2, NO, HCl, N2) 

FR outlet flue gas composition range 

requirements (%vol d.b.) [13] 

65-70%  CO2, 10-12% CO, 11-18% H2, 5-8% 

CH4  



2.2 Reference Case 

As for the reference case, a typical Waste-to-Energy plant is considered. This plant consists of a 

typical WtE supercritical boiler that produces steam at 400 °C in order to avoid corrosion problems 

[9], two reheaters and three steam turbines at escalated pressures. The feedwater preheating is 

performed using part of the thermal content of the flue gas. The main characteristics for the reference 

plant are summarized in Table {3}: 

 

Table 3: Main characteristics of the reference case 

Boiler efficiency (%) 93.6 
HP/IP/LP Turbine isentropic 

efficiency (%) 
92/94/88 

Turbine inlet HP/IP/LP pressure (bar) 40/17.5/6.3 
Superheated steam 

temperature/pressure (°C/bar) 
400/40 

Condenser pressure (bar) 0.077 Feedwater temperature (°C) 143.6 

Flue gas outlet temperature (°C) 330   

 

2.3 Chemical Absorption with MEA 

In MEA scrubbing, flue gas is in countercurrent flow with an aqueous MEA solution in an equilibrium 

absorption column that operates in atmospheric pressure. CO2 separation from the flue gas is 

conducted via the following exothermic reactions [3]: 

   𝑀𝐸𝐴𝐻+ + 𝐻2𝑂 ↔ 𝑀𝐸𝐴 + 𝐻30+                                           (𝑅9) 

    𝐻𝐶𝑂3
− + 𝐻2𝑂 ↔ 𝐶𝑂3

2− + 𝐻30+                                         (𝑅10) 

   𝐶𝑂2 + 2𝐻2𝑂 ↔ 𝐻𝐶𝑂3
− + 𝐻30+                                            (𝑅11) 

                      𝑀𝐸𝐴𝐶𝑂𝑂− + 𝐻2𝑂 ↔ 𝑀𝐸𝐴 + 𝐻𝐶𝑂3
−

                                         (𝑅12) 

 2𝐻2𝑂 ↔ 𝑂𝐻− + 𝐻3𝑂+                                         (𝑅13) 

 

Subsequently, the abovementioned reactions are reversed and the solvent is regenerated in a stripper 

column. The necessary heat for solvent regeneration is given from low pressure steam (3.09 bar), 

which is extracted from the second turbine of the reference plant. The whole process is simulated  and 

ELECNRTL is being used as property method. Variables like reboiler temperature (has to be lower 

than 120 °C in order to avoid thermal degradation), amine loading, etc. are presented in Table 4: 

 

Table 4: MEA scrubbing key parameters 

                                             MEA scrubbing  

Lean solvent w/w 30 % 

Lean solvent temperature 40 °C 

Lean solvent loading 0.2 

Rich solvent loading 0.49 

L/G ratio 3.11 kg/kg 

Specific heat duty 3.74 MJth/kgCO2 

Absorption capacity 349.3 gCO2/kgMEA 

Auxiliary power demand 0.37 MJe/ kgCO2 

Reboiler temperature 118 °C 

Steam temperature/pressure 133.5 °C/ 3.09 bar 

 

2.4 Calcium Looping 



In this study, chemical equilibrium between the inlet CO2 (FCO2) and the average fraction of the 

available CaO is assumed in order to form CaCO3 (Xmax·FR). This assumption is valid and widely 

found at literature [14], as the high operating temperature and fluidization phenomena of both 

carbonator and calciner lead to equilibrium conditions. Therefore, Gibbs free energy minimization is 

applied for the simulation of carbonator and calciner. As for the Xmax parameter, it practically 

represents the fraction of the sorbent that is available to react and is a function of the make up 

limestone stream (F0) and the solid recirculation ratio (FR). It can be estimated by the following semi-

empirical correlation [15]: 

                                   𝑋𝑎𝑣𝑒 =
𝑓𝑚(1 − 𝑓𝑤)𝐹0

𝐹𝑜 + 𝐹𝑅(1 − 𝑓𝑚)
+ 𝑓𝑤                                                                               (2) 

where fm, fw are constants based on each sorbent characteristics. The carbon capture efficiency in the 

carbonator is calculated via the following equation: 

                                   𝐸𝑐𝑎𝑟𝑏 =
𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑖𝑛 − 𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑜𝑢𝑡

𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑖𝑛
                                                                      (3) 

where 𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑖𝑛 is the inlet CO2 flow in carbonator and 𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑜𝑢𝑡 the outlet CO2 flow of the 

carbonator. Regarding the CO2 capture efficiency of the whole Calcium Looping process, the 

following equation is applied: 

                                  𝐸𝑡𝑜𝑡 =
𝐹𝐶𝑂2,𝑐𝑎𝑙𝑐,𝑜𝑢𝑡

𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑖𝑛 + 𝐹0 + 𝐹𝐶𝑂2,𝑅𝐷𝐹
                                                                       (4) 

where 𝐹𝐶𝑂2,𝑐𝑎𝑟𝑏,𝑖𝑛 is the inlet CO2 flow in the carbonator and 𝐹𝐶𝑂2,𝑅𝐷𝐹 is the CO2 flow due to the 

RDF combustion in the calciner. 

The hot streams released from the carbonator and calciner can be further exploited in a secondary 

Rankine steam cycle for steam production, whereas the heat released from the exothermic reactions 

of the carbonator is being used for water evaporation. Apart from sorbent regeneration, RDF 

combustion takes place inside the calciner. Therefore, desulfurization and dechlorination of the 

RDF’s combustion flue gas have been taken into account via the formation of CaSO4 and CaCl2. 

Concerning the secondary steam cycle, the efficiency is calculated with the following equation: 

 

                                 𝑒𝑓𝑓 =
𝑁𝑒𝑡 𝑝𝑜𝑤𝑒𝑟 𝑜𝑢𝑡𝑝𝑢𝑡

𝑚𝑐𝑝𝛥𝛵𝑓𝑙𝑢𝑒 𝑔𝑎𝑠𝑒𝑠 + 𝑄𝑐𝑎𝑟𝑏
                                                                             (5) 

 

Table 5: Calcium Looping key parameters 

FR/FCO2 7.5 

Xmax 0.25 

Tcarb 650 °C 

Tcalc 900 °C 

Ecarb 89.77 % 

Raw supplementary fuel consumption 39.76 % of total fuel 

O2/CO2 cap 0.436 kg/kg 

ASU specific power consumption 220 kWh/tn O2 

Air to fuel ratio 1.2 

Secondary steam cycle’s efficiency 32.89 % 

 

 

 

3. Methodology 



The fuel input was set as such, so that the total thermal input of the feedstock would be 50MW on an 

LHV basis. The net electric efficiency of the whole plant was calculated according to the following 

definition: 

                                  𝜂𝑛𝑒𝑡 =
𝑃𝑔𝑟𝑜𝑠𝑠 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 − 𝑃𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛𝑠

𝑄𝑡ℎ𝑒𝑟𝑚𝑎𝑙 𝑓𝑢𝑒𝑙
                                                                   (6) 

,where the consumptions mostly refer to the work of pumps or compressors needed and the gross 

electric is the power produced by the steam turbines.  

In addition to the aforementioned efficiencies, the CO2 emissions intensity was also calculated as the 

amount of carbon dioxide released in the atmosphere (measured in kg) divided by the amount of net 

total electricity produced by the plant: 

                                     𝐶𝑂2 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 =
𝑚𝐶𝑂2,𝑒𝑚𝑖𝑡𝑡𝑒𝑑

𝑃𝑛𝑒𝑡 𝑡𝑜𝑡𝑎𝑙

 (
𝑘𝑔𝐶𝑂2

𝐾𝑊ℎ𝑒𝑙,𝑛𝑒𝑡

)                                                                 (7) 

Furthermore, the specific fuel consumption was determined as the total amount of the input fuel to 

the net total electricity output of the whole plant: 

                               
𝑚𝑓𝑢𝑒𝑙

𝑃𝑛𝑒𝑡 𝑡𝑜𝑡𝑎𝑙
 (

𝑘𝑔𝑓𝑢𝑒𝑙

𝐾𝑊ℎ𝑒𝑙,𝑛𝑒𝑡
)                                                                                                (8) 

Lastly, for the cases of MEA scrubbing and CaL, where a reference plant already exists, SPECCA 

(Specific Energy Consumption for CO2 Avoided) coefficient is introduced and expresses the 

additional fuel that is required to be consumed in order to avoid the emission of 1kg of CO2: 

                             𝑆𝑃𝐸𝐶𝐶𝐴 = 3600 ∗ 

1

𝑛
−

1

𝑛𝑟𝑒𝑓

𝐸𝑟𝑒𝑓 − 𝐸
  (

𝑀𝐽

𝑘𝑔𝐶𝑂2𝑒𝑚𝑖𝑡𝑡𝑒𝑑
)                                                       (9) 

 

4. Results and Discussion 
Simulations of the reference Waste-to-Energy plant have shown that a net electrical efficiency can be 

achieved of around 27% on a LHV basis. Figures 4, 5, 6 depict the energy flow through a Sankey 

diagram in each scenario for amine scrubbing, Calcium Looping and Chemical Looping Combustion 

respectively.  

 

 

Figure 4: Sankey diagram for MEA scrubbing            Figure 5: Sankey diagram for CaL 



 

Figure 6: Sankey diagram of CLC plant 

 

In the CLC case, around 51.5MWth is inserted in the system, of which 50MWth derive from the fuel 

thermal input, 220kWth is needed for the Scrubber’s operation and 1.6MWth come from the difference 

of the enthalpy flows between the make-up material and the spent oxygen carrier. 31MWth of that 

input is lost as waste heat in the condensers, 16.5MWe of electricity is produced through the steam 

turbines and 4MWth are heat losses in the atmosphere (in the form of the hot depleted air exiting the 

AR, the ash and spent OC exiting the FR and FR heat losses). Out of the 16.5MWe of electricity 

produced, 2MWe of electricity is consumed for the gradual compression of the CO2 stream, 100kWe 

is consumed for the pumps operation and considering the use of an ASU for the oxygen production 

needed in the POC (requires 220kWh/tnO2) [16], which consumes about 970kWe, the remaining 

13.4MWe penetrate the grid. Τhe overall net electric efficiency of the plant ended up being 26.84%.  

Regarding the MEA scrubbing case, 50 MWth of fuel is consumed.  From this thermal input 39.38 

MWth is used for steam generation, while the rest thermal energy is considered to be waste heat. The 

gross electrical output of the initial plant steam cycle is approximately 9.65MWe, but taking into 

account the electric consumption of pumps and the CO2 compression unit, the net electrical output of 

turbines is estimated at 7.7MWe. Hence, the net electrical efficiency of the whole process is about 

15.4%. The rest of the useful heat to the Rankine cycle is used for solvent regeneration (18.46MWth), 

as condenser load (10.76MWth) and about 0.51MWth are turbine losses. 

As for the Calcium Looping process, the total thermal input is 83.01MWth, of which 50MWth is used 

as heat source for the steam cycle of the reference plant and 33.01MWth in the calciner for the Ca 

sorbents regeneration. The useful heat for steam generation in both steam cycles (Rankine cycle of 

initial plant and secondary Rankine cycle of CaL process) is estimated at 69.61MWth, while heat 

losses is 13.4MWth. The gross electrical output of the whole process is 22.12MWe. However, the 

electrical consumptions in PCU and ASU lead to a net power output of 16.61MWe and a net electrical 

efficiency equal to 20%. The rest of the useful heat is consumed in the condensers of the two cycles 

(46.39MWth) and turbine losses (1.10MWth). 

 

Table 6: Comparison of main indexes 
 Reference WtE 

plant (no CO2 

capture) 

MEA 

scrubbing 

Calcium 

Looping 

Chemical Looping 

Combustion 

Capture efficiency (%)  - 90 93.41 94.64 

Net electric efficiency (%) 27.13 15.38 20.00 26.84  



Specific fuel consumption 

(kgfuel/MWhel) 

1382 2438 1874 1397 

CO2 emission intensity 

(kgCO2emitted/MWhel_net) 

1449.63 254.76 151.45 

 

79.31  

Energy penalty (%) - -11.75 -7.13 -0.29 

SPECCA (MJ/kgCO2emitted) - 8.48 2.63 Not defined 

 

Based on the data shown on Table 6, CLC technology can achieve a higher net electric efficiency 

than the other two methods, slightly lower than that of the reference plant. All three methods perform 

at a high capture efficiency, with no significant difference between them. Regarding the specific fuel 

consumption and the CO2 emission intensity, MEA scrubbing has the lowest net efficiency of the 

three technologies, with CaL coming in second and CLC achieving the best performance. The energy 

penalty was calculated as the difference between the efficiency of each CO2 capture technology and 

the efficiency of the reference plant. The SPECCA index cannot be defined for the Chemical Looping 

Combustion technology, given that it is not an equipment that can be implemented on an existing 

Waste-to-Energy plant. However, out of the two other methods, CaL achieved the lowest SPECCA 

index. 

 

5. Conclusions 
This study presented the comparison of three different CO2 capture technologies implemented on 

Waste-to-Energy plants. In the case of MEA scrubbing, the net electric efficiency was calculated to 

be around 15%, mainly due to the significant amount of steam that is extracted from the power plant 

in order to regenerate the aqueous MEA solvent. Calcium Looping achieved a better efficiency, 

around 20%, with a rather low SPECCA of only 2.63MJ/ kgCO2emitted and seems to be less energy 

consuming than MEA scrubbing. Chemical Looping Combustion achieved the highest net electric 

efficiency out of the three technologies, while also being the least intense in terms of CO2 emissions 

to the atmosphere. In CLC’s case, a significant amount of heat was lost due to the thermal losses of 

the solids exiting the Fuel Reactor. Overall, all three technologies managed to reduce severely the 

CO2 emission intensity of the reference plant, raising however the specific fuel consumption and 

decreasing, depending on the technology, the net efficiency. In conclusion, Chemical Looping 

Combustion is the least energy consuming and most effective technology and therefore is highly 

suggested as a CO2 capture technology in case of a new power plant construction. 
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Nomenclature 

AR       Air Reactor 

ASU    Air Separation Unit 

CaL     Calcium Looping 

CLC    Chemical Looping Combustion 

Ecarb carbonation efficiency, - 

Etot       total carbon capture efficiency, - 

eff efficiency of secondary steam cycle, - 

F0 looping ratio, kmol/kmol 



FR make-up ratio, kmol/kmol 

FR       Fuel Reactor  

m mass flow rate, kg/s 

n molar flow rate, kmol/s 

Q heat stream, kW 

P power, kW 

POC    Post-Oxidation Chamber 

OC      Oxygen Carrier 

T temperature, oC 

X average conversion of solids in the carbonator/calciner, - 
 

Greek symbols 

η efficiency 

 

Subscripts and superscripts  

ave maximum average 

calc calcination 

carb carbonation 

th         thermal 

tot        total 
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Abstract: 
Anthropogenic carbon dioxide (CO₂) emissions have raised the global average temperature in 1.0 °C with 
respect to pre-industrial levels and this increase is likely to reach 1.5 °C before 2050, according to 
Intergovernmental Panel on Climate Change (IPCC, 2021).  
To limit the temperature rise, most envisioned policies regarding CO₂ emissions rely on carbon capture, use 
and storage (CCUS), being essential to keep its concentration in the atmosphere below 450 ppm by 2100. 
IPCC forecasts 12 Gt/y of CO₂ removal in 2050 but the current capacity is 40 Mt/y. CCUS play a vital role in 
decarbonization, and it may be impossible to get emissions to net-zero fast enough without them.  
For the marine industry, CCUS facilitate both CO₂ capture and transport. Ships fitted with this technology can 
capture carbon from burning fossil fuels. Among the newbuilding ships in 2021, 88% of them were fuelled with 
fossil fuels and according to ABS, in 2050 still 40% of them will be in this situation. Therefore, CO₂ capture 

onboard is necessary. Ships can also transport captured CO₂ to facilities for its use and/or storage.  

This article investigates the value of ships as CO₂ carriers, focusing on the transport conditions of CO₂. An 
energy and techno-economic analysis is performed, considering several combinations of pressure and 
temperature. From an exclusive transport perspective, results show that lower pressures of CO₂ are likely to 

be more economic. From the pre-processing point of view, results suggest that higher pressures of CO₂ will 
imply energy savings and potentially cost savings. From the whole logistic chain perspective, the trade-off 
pressure is still unknown. More research is advised.  

Keywords: 

Carbon dioxide, shipping, CCUS, decarbonization, Sustainable Development Goals, Climate Change, Circular 
economy 

1. Introduction 
Carbon dioxide (CO₂) is an essential gas for the presence of life on our planet. It is also the main "greenhouse 
gas" (GHG). These gases absorb and emit infrared radiation that reaches Earth from the Sun, heating the 
planet's surface as well as the lower layers of the atmosphere. 

It is present in the Earth's atmosphere naturally, historically, in concentrations of approximately 300 parts per 
million (ppm) or 0.03%. During the ice ages, the levels were around 200 ppm and during the interglacial 
periods, slightly less than 300 ppm. the concentration of other GHGs has increased very significantly in the 
Earth's atmosphere in recent decades. Scientists attribute most of this increase in CO₂ concentration to human 
sources. 

Human activities are estimated to have caused approximately 1.0°C of global warming above pre-industrial 
levels, with a likely range of 0.8°C to 1.2°C. Global warming is likely to reach 1.5°C between 2030 and 2052 if 
it continues to increase at the current rate, according to the Intergovernmental Panel on Climate Change 
(IPCC).  

Most of net CO₂ emission models developed by the IPCC [1] require significant use of CCUS. According to 

the IPCC, carbon capture, utilization and storage (CCUS) is essential to maintain the concentration of CO₂ in 
the atmosphere below 450 ppm in the year 2100. 

According to the International Energy Agency (IEA) [2], currently CCUS facilities around the world have the 
capacity to annually capture more than 40 MtCO₂. However, the mean of IPCC global net CO₂ emissions 

scenarios predicts 12 GtCO₂/yr sequestration from the energy sector in 2050. Therefore, CCUS technologies 



 

 
play a vital role in decarbonization and it may be impossible to reduce net emissions down to zero fast enough 
without them. 

It shall be noted that CO₂ is a commodity but still without a market. Moreover, according to IEA [3],  CO₂ 

utilisation is a complement but it is not an alternative to CO₂ storage. Mac Dowell et al. [4] estimated that the 

contribution of carbon capture and utilisation (CCU) to the global CO₂ emissions reduction would be negligible 
(0.2 GtCO₂/year in 2050) and it could not compete with carbon capture and storage (CCS) as it has a much 

higher CO₂ capture potential, which was estimated at 7.8 Gt CO₂/year in 2050 [5]. In the IEA Net Zero Scenario 

[6], over 85% of BECC (Bio-energy with Carbon capture) and DAC (Direct Air Capture) CO₂ is permanently 
stored, and under 15% is used as feedstock. 

Roussanaly et al. [7] stated that CO₂ shipping can be expected to play an important role in early CCS 
development, for “small” capacities, and/or long distance transport. According to the Global Global CCS 
Institute [8], CCUS technology facilitates both CO₂ capture and transport for the marine industry. First, ships 
fitted with carbon capture technologies can catch carbon emissions released from burning fossil fuels onboard. 
This is done via the use of scrubbers, which already clean emissions from exhaust gas and can be adapted to 
capture CO₂. This would enable shipowners to remove significant quantities of CO₂ from the exhaust. Second, 

ships can transport captured CO₂ to its drop-off point or offshore. Technology providers have developed safe 

solutions for storing CO₂ during transport at the right temperature and pressure, similar to those for ammonia 
and liquid petroleum gas (LPG). As stated by Xing et al. [9], shipowners can choose among materials for 
CO₂ storage tanks and optimize onboard space with either a single large tank or several smaller tanks. CCS 
technologies in maritime applications are still at an early stage, and their future prospects depend on 
reasonable technological innovation in combination with policy support.  

Transport is that stage of carbon value chain that links sources and storage sites. Alongside pipelines, 
CO₂ shipping can enable flexible and scalable CCS infrastructure that can adapt to future capture projects and 

storage sites. Ships are also preferable for small or short lifetime CO₂ sources that cannot justify a dedicated 
pipeline. 

Gas transported at pressure close to atmospheric ones occupies such a large volume that very large facilities 
are needed. Gas occupies less volume if it is compressed, and compressed gas is transported by pipeline. 
Volume can be further reduced by liquefaction, solidification or hydration [10]. 

At atmospheric pressure, CO₂ is as gas phase or as solid phase depending on the temperature. Lowering the 

temperature at atmospheric pressure cannot by itself liquefy CO₂, only make so-called ‘dry-ice’. Liquid CO₂ 
can only exist at a combination of low temperature and pressure well above atmospheric [11].  

CO₂ can be liquified at various pressures between the triple point (5.18 bar, −56.6°C) and critical point (83.8 

bar, 31.1°C). When pressured above its critical temperature and pressure, the CO₂ can be compressed to 
reach supercritical form that has a higher density and can avoid two-phase flow [12]. 

Currently there are three ways of transporting CO₂ to onshore reception facilities and or offshore underground 
storages [6]: 

▪ Gaseous transportation: CO₂ is compressed up to 35 bar and transported by pipeline, with 

intermediate boosters.  

▪ Liquid transportation: CO₂ is compressed and transported by ship or pipeline. 

▪ Supercritical transportation: CO₂ is compressed up to 250 bar and transported by pipeline. 
CO₂ transport by ships is based on the shipping experience in the food and beverage industries and it a mature 

technology (TRL 9) as it has been practised for over 30 years at small-scale, with only 3 Mt CO₂/year. 

According to Hong [5], CO₂ shipping is now considered for large-scale transport of CO₂ because it may be 
more economical when CO₂ needs to be transported on a large-scale over large distances or overseas than 
constructing new long-distance pipelines or repurposing gas pipelines at existing loading facilities and 
unloading platform. 



 

 

  

Figure. 1.  CO₂ pressure-temperature diagram [13]. 

Liquefied CO₂ is the most obvious choice for ship transport, but even ships carrying compressed, gas phase 
CO₂ have been suggested. Transporting compressed CO₂ can be compared to transport of CO₂ in pipelines. 
Transport conditions will therefore be similar to that of pipelines, but with more flexibility and ease of inspection 
than pipelines. The temperature should be about 25°C and the pressure above 75 bar. The concept of 
compressed CO₂ on ships has been developed by ship companies, but remains untested and no international 

regulations exist for such transport of CO₂  [14].  

Most literature recommends conditions near the triple point for shipping of liquefied CO₂, for the benefit of 
lower storage costs and enhanced density. However, other research suggests a higher liquefaction pressure 
for higher energy efficiency. Thus, there is no set optimal liquefaction pressure for all conditions; it should 
instead be determined from individual needs and the wider chain and project variables [12]. 

The code which applies to new gas carriers (built after 1986) is the International Code for the Construction and 
Equipment of Ships Carrying Liquefied Gases in Bulk. In brief, this Code is known as the IGC Code. The IGC 
Code, under amendments to Safety of Life at Sea Convention (SOLAS), is mandatory for all new ships since 
1986 [15]. Kokubun et al. [16] stated that the physical properties of CO₂, specifically the vapor liquid equilibrium 

properties of CO₂, are such that the design of a storage tank for the containment of liquid carbon dioxide is 
very similar to existing designs for intermediate pressure liquefied petroleum gas (LPG) containment systems. 
The design methodology for LPG cargo tanks is well understood and is regulated by international standards 
(specifically the IGC code) and those of Classification Societies, such as Det Norske Veritas (DNV), Bureau 
Veritas (BV) and Lloyd’s Register (LR). 

As mentioned above, there is not enough number of CO₂ carriers for a realistic comparison. For this reason, 
it is assumed that similar ships can be a good starting point for energy and techno-economic comparison. The 
most similar ship to CO₂ carriers are LPG ships (pressurized or semi-pressurized) for liquid transportation and 
compressed natural gas (CNG) ships for gas transportation. However, there is only one existing CNG ship in 
the world fleet and compressed CO₂ transportation has not been developed yet as a practical solution. 

The object of this article is to perform a comparison of transport conditions of liquid CO₂ by ship, considering 

several pressures of CO₂ (defined in Table 2), a common ship model and two different cargo tanks 

configuration, as defined in Section 2. The following CO₂ conditions have been considered: 

Table 1. Thermophysical properties of CO₂ for pressures from 6 to 45 bar [17]. 

 Case No.  Pressure, bar Temperature, ºC Density, kg/m3 

#1 6 -53.12 1166.00 
#2 10 -40.12 1116.90 
#3 15 -28.52 1069.50 
#4 20 -19.50 1029.40 
#5 25 -12.01 993.20 
#6 30 -55.52 959.25 
#7 35 0.16 926.47 
#8 40 5.30 894.05 
#9 45 9.98 861.27 



 

 

2. Methods 
Focusing on the maritime transport part of the CCUS chain, and in order to investigate the value of ships as 
CO₂ carriers, some Key Performance Indicators (KPI) are presented and discussed, considering a specific 
ship as a comparison element.  

2.1 Ship definition 

First of all, a ship has been identified and chosen as a model to compare transport cases defined in Section 
1. Based on the information provided yearly by the Royal Institution of Naval Architects (RINA) in its publication 
“Significant Ships” [18], a LPG carried named “Alkaid” (named “Sibur Voronezh” until 2022) has been selected 
as a reference ship to compare the different transport conditions of CO₂ from a common base.  

This ship was designed to carry liquefied gases such as propane, butylene, propylene, anhydrous ammonia, 
butadiene and vinyl chloride monomer (VCM). The cargo space is divided into four cargo holds to 
accommodate four independent self-supporting cargo tanks built to International Maritime Organization (IMO) 
type C standard of bi-lobe shape with a centre longitudinal bulkhead; along with one cylindrical type deck tank. 
The vapour pressure range of the cargoes carried is up to 5.3 bar, the minimum cargo temperature is -40 ºC 
and the maximum specific gravity 0.972. The main technical particulars and ship drawings are presented in 
Table 2 and Fig 2. 

Table 2.  Technical particulars and characteristics of LPG carrier “Alkaid” [18], [19]. 

IMO number 9655509 
Length (overall) (m) 159.97  
Length (between perpendiculars) (m) 152.20  
Breadth (moulded) (m) 25.60  
Depth (moulded) (m) 16.40  
Draught (scantling) (m) 10.90  
Deadweight (design) (t) 13 650  
Deadweight (scantling) (t) 22 700  
Cargo capacity (m3) 20 800  
EEDI [gCO₂/(t·nm)] 10.7 

 

 

 

 

Figure. 2.  “Alkaid” side and top views [18]. 

The dimensions of the cargo holds and LPG tanks (No.2-4) are shown in Fig 3. For calculation purposes, it is 
assumed that the fore tank (No. 1) has the same shape and volume as cargo tanks 2-4.  
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Figure. 3.  Cargo hold and bi-lobe tank main dimensions [18]. 

As a general constraint for the different proposed arrangements, the following control volume has been 
defined, considering the maximum dimensions of the bi-lobe tank, as shown in Fig 3 and detailed in Table 3. 
In order to establish a common basis for comparison, the new redesigned tanks can occupy the complete 
control volume, despite its shape (bi-lobe, cylindrical) or its position (vertical, horizontal), thickness included. 

Table 3.  Dimensions of cargo hold control volume. 

Dimension Value 

Length (m) 22.5 
Breadth (m) 22.7 
Height (m) 13.5 

 
Redesigned bi-lobular tanks are arranged as in the existing ship. As the design pressures considered are 
higher than the LPG storage pressure (5.3 bar), the thickness growth will reduce the net volume of the cargo. 
The key parameter of the new configuration of the bi-lobular tanks for CO₂ storage is summarized in Table 4. 

Table 4.  Configuration and dimensions of bi-lobular tanks. 

Characteristic Value 

Number of tanks per cargo hold 1 
Total number of tanks 4 
Length (thickness included) (m) 22.5 
Breadth (thickness included) (m) 22.7 
Height (thickness included) (m) 13.5 
Main axis direction Horizontal 

 
Another proposed configuration is to store CO₂ in cylindrical tanks of smaller diameter, within the same control 
volume. New calculated cylindrical tanks can be transported vertically or horizontally. There are several 
variables (diameter, number of tanks per cargo hold, etc.) so the different potential configurations shall be 
considered carefully. Considering the boiloff management, and free-surface area to prevent sloshing and 
stability issues, a vertical arrangement seems preferable. In addition, a minimum clearance between cylindrical 
tanks must be considered for isolation, supporting structures, etc. Table 5 displays the key assumptions of the 
vertical cylinders. A 6x6 tank grid per hold has been deemed a good tradeoff considering a small free-surface 
area, while keeping the number of the ancillary components (pumps, valves, manifolds etc.) of all the tanks 
within reasonable levels.  
 
 
 
 



 

 
Table 5.  Configuration and dimensions of vertical cylindrical vessels. 

Characteristic Value 

Number of vessels per cargo hold 36 (6x6) 
Total number of tanks 144 
Length (m) 13.5  
Diameter (thickness included) (m) 3.5  
Main axis direction Vertical 

 
Both CO₂ type of tanks proposed are based on ships in operation or projects under development, such as 
Samsung Heavy Industries (bi-lobular tanks) or KNCC (cylindrical tanks), both Approved in Principle by DNV 
in 2022 [20], [21].   
According to American Bureau of Shipping (ABS) [22], both bi-lobe and cylindrical tanks are “pressure 
vessels”, which are designed and built to meet the requirements of recognized pressure vessel standards such 
as the American Society of Mechanical Engineers (ASME) Boiler and Pressure Vessel Code (BPVC), as well 
as additional classification society requirements and statutory regulations. 
The nominal body and head wall thicknesses are calculated based on ASME VIII Div. 1 UG-27 (Thickness of 
shell under internal pressure) and UG-32 (Formed heads and Sections, pressure on concave side). The main 
inputs and assumptions are listed below: 

▪ For thickness calculations, the bi-lobe tank thickness has been calculated considering a cylinder with a 
radius of 6.75 m, in order to avoid complex strength calculations.  

▪ The welded joint efficiency factor to be used is 0.875.  

▪ The allowance for corrosion is 1 mm. 

▪ The material selected for both types of tanks is American Society for Testing and Materials (ASTM) A537 
Class 2 (quenched and tempered), a higher yield and tensile strength carbon steel used in the fabrication 
of pressurised vessels and steel boilers and a lowest usual service temperature −60 ºC.  

Table 6.  Mechanical properties of carbon steel ASTM A537 class 2 [23]. 

Material Thickness, mm Yield strength, MPa  Tensile strength, MPa 

ASTM A537 class 2  < 65 415 550 
 > 65 < 100 380 515 
 > 100 315 485 

 
 

2.2. Key Performance Indicators (KPI) definition 

The following Key Performance Indicators (KPI) are analysed and discussed, considering the transport 
pressures described in Section 1. 

▪ Preconditioning of CO₂ (liquefaction): 

▫ Thermomechanical Exergy  

▪ Transport of CO₂: 

▫ Mass of CO₂  

▫ Ratio mass of CO₂ vs. tank structure  

▫ Ratio volume of cargo vs. cargo hold  

▫ Energy Efficiency Design Index  

The first KPI is the thermomechanical exergy of the preconditioning phase of the CO₂. In this case it represents 
the minimum work required to change a substance from the restricted dead state to a particular state using 
the ambient as the only heat source [24]. This KPI is defined by Eq. 1, where 𝑈 is internal energy, 𝑉 volume 

and 𝑆  entropy of a closed system that is in nonequilibrium with the environment, 𝑇0  is the reference 

temperature of the surroundings environment (so called “restricted dead state”), and index 0 refers to the 
values of the parameters when the system is in thermomechanical equilibrium with the environment. The 
restricted dead state conditions are described in Table 7. 

 

𝐸𝑥 = (𝐸 − 𝑈0) + 𝑝0(𝑉 − 𝑉0) − 𝑇0(𝑆 − 𝑆0)        (1) 

 

 



 

 
Table 7.  Restricted dead state conditions.  

Property Value 

Pressure (kPa) 100  
Temperature (K) 288.15 

 

The mass of CO₂ transported is calculated considering the two tank types defined in Section 2. The thickness 

of shell and head are calculated and the gross and net volume and mass of the CO₂ and tank are obtained, 
considering the size limitations. Mass and volume ratios are then calculated based on this. It is assumed that 
the balance of mass of LPG cargo and tanks of “Alkaid” shall remain invariant. Hence, if the mass of CO₂ and 

tanks is bigger than “Alkaid” cargo mass (to be called “Maximum CO₂”), the exceeding mass is considered as 

a cargo loss and will be deducted from the CO₂ mass.  

 

𝑀𝑎𝑠𝑠 𝐿𝑃𝐺 + 𝑀𝑎𝑠𝑠 𝐿𝑃𝐺 𝑡𝑎𝑛𝑘𝑠 = 𝑀𝑎𝑠𝑠 𝐶𝑂2 + 𝑀𝑎𝑠𝑠 𝐶𝑂2 𝑡𝑎𝑛𝑘𝑠     (2) 

The last KPI considered is the Energy Efficiency Design Index (EEDI). It provides a specific figure for an 
individual ship design, expressed in grams of CO₂ per ship's capacity-mile and is calculated by a formula 
based on the technical design parameters for a given ship.  EEDI was made mandatory by the IMO [25] for 
new ships and the Ship Energy Efficiency Management Plan (SEEMP) for all ships at Marine Environment 
Protection Committee No. 62 with the adoption of amendments to International Convention for the Prevention 
of Pollution from Ships (MARPOL) Annex VI. 

The EEDI is calculated based on a complex formula, taking the ship’s emissions, capacity, and speed into 
account. The lower a ship’s EEDI, the more energy-efficient it is and the lower its negative impact on the 
environment. IMO regulations stipulate that ships must meet a minimum energy efficiency requirement, so 
their EEDI must not exceed a given limit. 

 

𝐸𝐸𝐷𝐼 =
𝑔𝑟𝑎𝑚𝑠 𝑜𝑓 𝑒𝑚𝑚𝑖𝑡𝑒𝑑 𝐶𝑂2

𝑡𝑜𝑛𝑛𝑒 𝑜𝑓 𝑐𝑎𝑟𝑔𝑜· 𝑛𝑎𝑢𝑡𝑖𝑐𝑎𝑙 𝑚𝑖𝑙𝑒
=

𝑃𝑜𝑤𝑒𝑟 × 𝐹𝑢𝑒𝑙 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 ×𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 ×𝑆ℎ𝑖𝑝 𝑠𝑝𝑒𝑒𝑑
    (3) 

 

Aiming to compare EEDI of “Alkaid” with the calculated CO₂ cases, it is assumed that all factors of the equation 
remain equal except the cargo mass (capacity) so the following relation applies: 

 

(𝐸𝐸𝐷𝐼 × 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 )𝐴𝐿𝐾𝐴𝐼𝐷 = (𝐸𝐸𝐷𝐼 × 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 )𝐶𝐴𝑆𝐸      (4) 

 

𝐸𝐸𝐷𝐼𝐶𝐴𝑆𝐸 =
𝐸𝐸𝐷𝐼𝐴𝐿𝐾𝐴𝐼𝐷×𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝐴𝐿𝐾𝐴𝐼𝐷

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝐶𝐴𝑆𝐸
        (5) 

 
According to the IMO, the EEDI reference line for gas carriers is calculated as follows [26]: 
 

𝐸𝐸𝐷𝐼 = 1120 × 𝐷𝑊𝑇−0.456         (6) 
 
For gas carriers with 10000 DWT (deadweight) and above, the reduction factors are 20% in phase 2 (January 
2020 to December 2024) and 30% in phase 3 (starting January 2025). 
 

3. Results & Discussion 
Figures 4 to 9 show the results of the analysis, giving the overview, and the results in detail.  

In Fig 4 it is shown the specific exergy (kJ/kg) for the different cases studied, despite its packing conditions. 
Considering the dead state defined in Section 2, it is observed that the exergy is greater for low temperatures 
and low pressures than for higher temperatures and pressures. This means that the higher the pressure, the 
less energy is expected to be required to drive CO₂ from a restricted dead state to the saturated liquid state 
corresponding to the pressure. For example, the exergy of case #9 (45 bar, 10ºC) is 6.4% lower than case #1 
(6 bar, -53ºC). Only from the exergetic point of view, liquefaction up to the highest range of pressures 
considered in this study is more convenient than low pressures close to the triple point. This metric reflects 
that the processes required to produce liquid CO₂ at 45 bar will foreseeably require less energy than the lower 
pressure alternatives. Energy savings at this stage are key considering they will have an associated cost that 
will impact for the whole lifetime of the logistic chain, which could easily span for 30 years. 

 



 

 

 

Figure. 4.  Specific Exergy of CO₂ as a function of CO₂ pressure. 

Regarding mass of cargo and tank structure, its different values are shown in Fig 5 for bi-lobe tanks (CO₂ 

cargo, tank structure and excess of CO₂) and Fig 6 for cylindrical tanks (CO₂ cargo, tank structure and lost 

mass/excess of CO₂). The maximum amount of CO₂ that can be stored in a bi-lobe and cylindrical tanks is 
shown in dark blue colour, called “maximum CO₂”. However, as introduced in Section 2 and in order to do a 
consistent comparison, the balance of mass shall remain invariant with respect to the reference LPG ship. 
Therefore, the excess of mass compared with the LPG ship is identified and discounted, presented in blue 
colour, so called simply “CO₂”.  

 

 

Figure. 5.  Mass of CO₂, tank structure and excess of CO₂ for bi-lobe tanks. 

Opposite to the situation with bi-lobe tanks and due to the lower storage volume utilization, additional ballast 
must be supplied to the vertical cylinder arrangement at pressures under 35 bar to keep the balance of mass 
invariant. The additional ballast coincides with the loss of of CO₂ mass in Fig. 6.  

 

Figure. 6.  Mass of CO₂, tank structure and lost mass or excess of CO₂ for cylindrical tanks. 
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With regard to the mass of transported CO₂ the best solution is to transport CO₂ at 6 bar in bi-lobe tanks as 
they are able to transport 21318 t while complying with the balance of mass constraint. 

As shown in Fig 7, exclusively considering the amount of CO₂ transported, from pressures of 10-15 bar it is 

better to use cylindrical tanks as the CO₂ stored decreases rapidly from that operating pressure in bi-lobe 
tanks. It shall be noted that an optimized calculation of the bi-lobe tank structural strength may end up with a 
higher transition pressure, closer to the 15-20 bar range. Considering only the storage pressure, low pressures 
are more interesting, as the amount of CO₂ is higher. For example, the difference between transporting CO₂ 

at 10 and 45 bar is 47.1% and 70.5% (maximum CO₂). 

 

 

Figure. 7.  Mass of CO₂. 

Two ratios have been calculated: mass of CO₂ versus tank structure and volume of tank versus cargo hold, 
both shown in Fig 8. Both KPI serve as a measure of efficiency in the mass and volume dimensions. In both 
cases, the higher the ratio, the better. A low mass ratio implies that more mass of steel of the structure is being 
transported with respect with the CO₂. Analogously, a low volume ratio, implies that there is more empty space 
with regard to used space. As expected, the volume of cylindrical tanks makes much less use of available 
cargo hold space than bi-lobe tanks. However, bi-lobe tanks only take advantage of this for low pressures, as 
the mass of the structure increases rapidly. Note that for a storage pressure of 25 bar, the mass ratio of the 
bi-lobe tank considered is only 1.42. Under this KPIs, transporting CO₂ at low pressures, will probably result 
in a lower ship acquisition cost per unit mass of transported CO₂, as the mass of steel has a great influence 
on the final cost of a ship. The low ratios that this method yield, very likely imply that the base LPG ship main 
dimensions are not optimal for the transport of CO₂, thus a change of geometry in actual CO₂ could be 

expected Fig 2 and Fig 3 if an Ad hoc bulk CO₂ carrier was designed. 

 

  

 

Figure. 8.  Ratio of CO₂ vs. tank structure mass (left) and ratio of tank vs. cargo hold volume (right). 

The last KPI is EEDI, presented in Fig 9, considering the mass of CO₂ for both type of tanks and the 
assumptions described in Section 2. As the storage pressure increases, so does EEDI value. In this case, the 
lower the value, the more efficient will be the ship. This KPI suggests that the ship with 6 bar and bi-lobe 
configuration will use less fuel per unit distance and unit mass of transported CO₂, probably meaning that the 
Voyage Cost of the low-pressure ship will be lower. 
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Figure. 9.  EEDI of the ships proposed. 

4. Conclusions 
The results obtained in the different analyzes carried out establish unaligned conclusions. On one hand, from 
the exergetic point of view, liquefying the CO₂ to the highest range of pressures considered in this study is 
more efficient than lower pressures, closer to the triple point. Nevertheless, once thermoeconomy is included 
in the analysis, results could be different. On the other hand, lower CO₂ pressures allow more mass to be 
transported, and will probably result in reduced voyage costs, and the reduced steel mass in the ship’s 
construction will probably mean cheaper acquisition costs. Considering that the whole logistic chain of CO2 
include the preprocessing costs, transport costs and post processing costs, it is not clear what the optimal 
transport pressure will be. Varying the pressure of the CO₂ cargo will have opposed effects in different 
elements of the logistic chain. Therefore, more research will have to be conducted to unveil the trade-off 
pressure, and the parameters that define it, considering the whole CCUS chain. 
Attention should be paid to the tank design, as there is a transition pressure where bi-lobe tanks are no longer 
a smart option due to its mass and cylindrical tanks would be better even considering its worse volumetric 
efficiency. Attention should be paid to transporting CO₂ at low pressures close to the triple point, as in that 

region there is a higher risk of undesired CO₂ solidification, which can potentially clog pipes or damage pumps. 
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Appendix A 
Detail results of the calculations performed for this article are available on request.  

Nomenclature 
Symbols 
𝐸𝑥 exergy  

𝐸 energy 

𝑈 internal energy  

𝑝 pressure 

𝑉 volume 

𝑇 temperature 

𝑆 entropy 

Subscripts and superscripts 
0 restricted dead state 
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Abstract: 

As per the ‗World Energy Outlook 2022‘ projections, 660 million people worldwide (mostly from rural areas) 
would be without electricity access in 2030. There are three main approaches to rural electrification - 
centralised grid extension, mini-grids, and solar home systems (SHS) including pico-solar. Mini-grids are 
considered a promising solution in rural areas with higher reliability (as compared to the central grid) and 
higher capacity to meet demand (as compared to the SHS). However, there have been failures of several 
mini-grid projects worldwide. There are various challenges faced by mini-grids – technical, social, economic, 
and strategic. The past efforts to assess mini-grid sustainability have used static approaches. Consideration 
of dynamic variations in the mini-grids over the life cycle for sustainability assessment is an emerging 
research area and is being explored in this paper. An attempt has been made to show how the dynamics 
and the interdependency of different aspects related to the mini-grids can be considered for life cycle 
sustainability assessment. Complex environments, local operations, many interacting variables, and 
feedback processes characterise mini-grids. ‗System dynamics‘ is a systems method suitable to describe 
behaviours of such systems and tackle relevant problems. A system dynamics approach has been used in 
assessing an Indian mini-grid for a systemic understanding of its life cycle. The analysis reveals the impact of 
different variables on the mini-grid‘s life cycle. Developed stock-flow (SF) diagram is useful for analysing 
different scenarios (e.g. arrival of centralised grid) and policies (e.g. tariff variations). This proof-of-concept 
(PoC) may help to develop a comprehensive framework for the dynamic life cycle sustainability assessment 
(D-LCSA) of mini-grids. 

Keywords: 

Mini-grids; System dynamics; Life cycle sustainability assessment; Proof-of-concept. 

1. Introduction 

1.1. Global electricity access 

Electricity access has been a requisite part of any global development process. In the Sustainable 
development goals (SDGs) set by United Nations [1], SDG 7 is ― Ensure access to affordable, reliable, 
sustainable, and modern energy for all. Particularly, SDG 7.1 aims at ‗universal access to modern energy‘. 
Modern energy access also includes other types of energy carriers like cooking fuels and transportation 
fuels. But due to its strong linkage with the development, ‗electricity access‘ is an area of interest for 
researchers, policymakers, and executors.  

In India, on 30th April 1945, Mahatma Gandhiji wrote a letter to Cambridge return economist Shri.Amiya Nath 
Bose and expressed his concern about the electricity access to every home in India. He asked ―Have you 
worked out the problem of electricity for every home? What is the cost?‖  [2]. In later years, various schemes 
for the extension of the electricity network in India, as well as at the global level improved electricity access 
but the challenges like network expansion, and poor financial returns on investment, remain for remote 
areas. Due to rapid urbanisation, more focus was on urban electrification and a majority of the rural 
population remained without any electricity access during the development stages.  

As per the ‗World Energy Outlook 2022‘ [3] projections, 660 million people worldwide would be without 
electricity access in 2030. The report [4] published to track the progress of SDG 7 mentions that rural 
electricity access is more deficient than in urban areas. In 2020, out of the world's population without 
electricity access, 80% of people lived in rural areas. Also at the current pace, the 2030 target for rural 
electrification will fall short. Figure 1 highlights the need for more focus on rural electrification in the next few 
years. 
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Figure. 1.  Electricity access in urban and rural regions at the global level [4]. 

1.2. Approaches to rural electrification 

Electricity access can be provided through three possible schemes/modes: - centralised electricity grid, mini-
grids (or micro-grids), and solar home systems (SHS) including pico-solar. Off-grid electricity can be 
generated with more resources like diesel and biogas, but their share compared to solar electricity 
generation is much less. Moreover, the government schemes are more tilted towards ―solar‖ due to the ease 
of installation, operation, and maintenance.  

Centralised electricity supply is the conventional type of electricity supply scheme. This supply type is also 
called grid extension. The electricity is generated using various resources, such as fossil fuels (coal or NG-
based plants), nuclear energy, and renewables e.g. water (hydropower plants), wind, or solar energy in 
centralised power plants. The same is transferred through the transmission and distribution network 
monitored by the national and state-level utilities. This is called the vertical structure of electricity supply. 
Until the technological advances started taking place in the renewable energy sector with the choice of 
decentralized electricity generation, the centralised supply scheme was the only option for providing 
electricity access.  

The monopoly of the centralised supply scheme ended due to various reasons like increased competition in 
the electricity industry, entry of private players, technology development in renewable electricity generation, 
etc. There are various environmental, economic, technical, political, and social reasons for developing small-
scale generation near the loads. This small-scale generation is called a decentralised electricity supply 
scheme. The systems can run in isolation (off-grid mode) or connected to the grid (grid-connected/online 
mode). The generation technology is either renewable (e.g. solar, wind) or non-renewable (diesel generator), 
or a combination of multiple technologies (hybrid mini-grids).  

As discussed in [5], an SHS is usually defined as a solar PV-based generator rated 11 Wp to more than 100 
Wp with suitable battery storage. The maximum PV module rating in an SHS kit is expected not to exceed 
350 Wp as per the current standards. Products with rated PV power lesser than 11Wp are pico-solar. 

Due to the various challenges like cost recovery and supply reliability for the central grid extension and the 
limitations of SHS and pico-solar ratings to fulfill the electricity demands, the rural areas find mini-grids as a 
promising solution. ‗Ease of electrification vs. Power level‘ of various electrification modes is shown in Figure 
2. 

 

Figure. 2.  Modes of electrification and comparison of ease of electrification vs. power level [5]. 



Delivery of electricity connections under the IEA Net Zero Emissions by 2050 Scenario, by technology, is 
shown in Figure 3. 

 

 

Figure. 3.  Delivery of electricity connections by 2050 Scenario, by technology [4]. 

1.3. Mini-grids 

1.3.1. Introduction 

Mini-grids are off-grid systems but have provisions to connect with the grid and operate in parallel. They are 
local electric power networks with distributed generators, loads, and energy storage technologies. The term 
―mini-grid‟ is merged with ―microgrid‟ in the literature though they have different generating capacities and a 
mini-grid has a higher capacity than a microgrid. A renewable energy-based mini-grid is defined in [6] as a 
system that uses a renewable energy-based generator (with a capacity of 10 kW or more) to supply 
electricity to a specific set of consumers (e.g. households and/or commercial, industrial, and/or institutional 
organizations) through a power distribution network. In this paper, the term ―mini-grid‟ is used for off-grid AC 
electrical systems with solar PV as a source. Solar PV technology is more focused because of the maximum 
share as a mini-grid source as shown in Figure 4. A typical mini-grid consists of energy generation 
technology, battery energy storage, a power electronics converter, a power distribution system, and an 
energy management system (for metering and control purposes). 

1.3.2. Global status and mini-grid scenarios 

Plethora of literature discussing the technical aspects of mini-grids, their importance, and the challenges in 
mini-grids have been published. Their status in the global south and India are discussed in the reports [6,7] 
recently published by The Centre for Science and Environment (CSE). The status of the ten countries having 
best practices in mini-grid installations and the barriers to mini-grid installations and sustainable operations in 
India are explained in detail. There are 5,544 mini-grids deployed worldwide out of which 60 percent are 
present in Asia and 39 percent in Sub-Saharan Africa. India has 1,792 mini-grid installations, the highest in 
Asia. The status of mini-grid installations at the global level by technology and region is shown in Figure 4. 

 

           

                                           (a)                                                                                         (b) 

Figure. 4.  The global status of mini-grid installations: a) technology-wise, b) region-wise [6].



 
Mini-grid case studies discussed in [6] may be classified as off-grid (e.g. Raimongol Kumirmari Island and 
Madavchandra Satjelia Island in Sundarbans, West Bengal), mini-grids with grid extension but poor grid 
services (Jargatoli and Basua Gumla, Jharkhand and Chanpatia in West Champaran of Bihar), mini-grid not 
operational due to grid arrival (Darewadi, Maharashtra and Dharnai, Bihar), grid-connected mini-grid 
(Odanthurai, Tamilnadu) and mini-grids with SHS (Chopan, Maharashtra).  

1.3.3. Need for sustainability assessment of mini-grids 

Life cycle sustainability assessment (LCSA) is a combination of three approaches of sustainability 
assessment- environmental life cycle assessment (E-LCA), life cycle costing (LCC), and social life cycle 
assessment (S-LCA). This is also called the triple bottom approach. Some more dimensions such as 
‗technical‘ or ‗institutional‘ are also considered in the LCSA. A sustainability assessment of mini-grids is 
needed for various reasons. The literature having the notion of mini-grid sustainability is evolving since 2009. 
Mini-grids play a vital role in rural electricity access and their unsustainability will impact the sustainable 
development goal achievement. 

Turkson et al. [8] infer that several global and national level policies and practices are envisioned to ensure 
sustainable energy generation. Boche et al. [9] discuss various barriers like lack of business consideration, 
the gap in strategic planning approach, and the neglect of social issues. It is also mentioned that overall 
microgrid sustainability consideration is still deficient at the global level. 

The need for sustainability assessment is also understood from the field experiences of mini-grid projects. A 
mini-grid case study at a village called Darewadi from Khed Taluka (District Pune, Maharashtra, India) is 
discussed in [6]. This mini-grid was in operation since 2012. In 2019, the battery replacement was carried 
out. The centralised grid reached the village in 2021 but reliability and quality of supply are poor. Mini-grid 
could have been used in grid-connected mode but tariff regulations for the interconnection were absent. This 
case study highlights the failure of mini-grid projects after certain years of operation. The Dharnai mini-grid in 
Bihar state and the Barapitha mini-grid in Odissa state faced similar issues. 

The rest of the paper is organised as follows. Section 2 describes the review of the sustainability assessment 
of mini-grids and highlights the research gaps. Section 3 introduces dynamics and systemic approaches in 
mini-grids. In section 4, the conceptual framework and proof-of-concept model are discussed. Section 5 
simulates the model with the mini-grid case study in Maharashtra state. The results of the simulations are 
discussed in section 6.  

2. Sustainability assessments of mini-grids 
The literature was reviewed for ―energy sustainability‖ and ―electricity sustainability‖. The literature for ―mini 
grid sustainability‖ was shortlisted from the above two sub-areas. A literature database platform ―Scopus‖ 
was used for the literature review. The use of suitable keywords and the operators like ―AND‖ and ―OR‖ 
helped to review the literature systematically. Research gaps in the area of mini-grid sustainability are 
summarised in Table 1. 

Table 1. Literature and research gaps. 

Author/s Research Gap  

Turkson et al. [8]--------- Sustainability as a systems problem, Practical implications of the different 
sustainability dimensions, Systems thinking for explaining dynamic interactions 
and the long-term effects of different dimensions in detail. ―Dynamic life cycle 
sustainability assessment‖ as the state-of-the-art method supports static analysis. 

Boche et al. [9]----------- Analysis of interdependence issues, Development of sustainability diagnosis 
tools, and systemic modeling of microgrids with short, medium, and long-term 
dynamics for causal linkages amongst various issues 

Haase et al. [10]---------- Inclusions of more social indicators, the derivation of indicators, the consideration 
of methodical and input data uncertainties 

Khatami -------------------- 
and Goharian  [11 ] 

An all-inclusive approach toward energy sustainability and a better framework for 
defining sustainability giving equal weightage to all dimensions and spatial 
considerations  

Brent and Roger [12 ]--- An understanding related to the complexity of the socio-institutional systems  

Ilskog [13 ]----------------- An interdisciplinary approach to sustainability evaluation. 

Lassio et al. [14]---------- More emphasis on the social dimension of sustainability is recommended. 

Viegas et al.[15] --------- Project and location-specific sustainability assessment methods for integrative 
and at the same time customized assessment 



Author/s Research Gap  

Corona and San ---------
Miguel [16] 

The use of a dynamic approach for sustainability assessment temporal and 
spatial variation in the criteria (indicators). 

Poudel et al. [17]--------- Internal and external factors influencing the sustainability of mini-grids, and 
linkages between the project attributes and sustainability dimensions 

Katre et al. [18]----------- Time-based sustainability studies capturing temporal variations. 

Chatterjee et al. [19] ---- Microgrid definition, typology identification, standards revision, electrification 
planning, energy utilisation and planning, resiliency, system dynamics, and 
technology adoption and policy recommendations. 

 

‗Use of system thinking and system dynamics in sustainability assessment of mini-grids‘ is research gap as 
inferred by many authors. This paper explores the consideration of dynamics in the mini-grid life cycle for 
sustainability assessment. The next section discusses how the concept of dynamics is linked to mini-grids. 

3. Dynamics in mini-grids 

3.1. System thinking approach in mini-grids 

Hartvigsson in his Ph.D. dissertation [20] discusses the systems thinking approach and its linkages with mini-
grids. System thinking is a method for understanding interaction amongst variables and the resulting 
behaviour of the system. This is useful when systems are complex and influence the users at different levels. 
Systemic studies help to change the system structures which are the cause of certain behaviours. System 
thinking is divided into ―soft‖ and ―hard‖ system thinking.  The ―hard‖ approach is used in well-defined 
problems while the ―soft‖ approach is useful when problems are ―fuzzy‖, ―messy‖ or ―ill-defined‖. Mini-grids 
being complex and messy systems, the system thinking approach is useful for analysing mini-grids' 
behaviour. Some mini-grid problems can be engineered while others being societal are difficult to define. 
Thus mini-grids can be analysed with both ―soft‖ and ―hard‖ system thinking. 

System dynamics (SD) is a dynamic thinking tool for qualitative (soft) and quantitative (hard) analysis which 
helps to understand the behaviour of the system over time. SD analysis consists of plotting behaviour over 
time (BOT) graph, development of causal loop diagram (CLD), and stock-flow (SF) analysis. Another 
characteristic of SD applicability is many feedback processes and interdependency among variables. The 
important literature in the area of SD applications to mini-grids is discussed in the next subsection. 

3.2. System dynamics and mini-grids 

SD conceptual modeling to tackle complexity in mini-grids is proposed in [21]. Variables and causal relations 
are either assumed or identified from literature and field visits. The paper develops CLDs for mini-grids but 
there is no discussion on part how they can be further used for the sustainability assessment of the mini-
grids. Also, conceptual models like CLDs are often vague and ambiguous. Re-evaluation is needed by 
building SF diagrams. SF diagrams are useful for quantitative analysis and consideration of various 
scenarios. Riva et al. [22] develop CLDs for analysis of the impact of electricity access on rural-socio-
economic development. Electricity- demand nexus with income generating activities (IGAs), local market 
production, households‘ economic availability, local health and population, education, habits, and social 
network is developed. This is a conceptual model development similar to the work published in [21]. Hence 
SF diagrams (simulation models) are required to validate the model. The authors also raise the need for 
reliable data collection from the field. Gonzalez et al. [23] construct CLDs using driving factors of social 
acceptance of renewable energy systems (RES). CLDs help to understand the multiple interactions of RES 
projects with rural communities. The sustainable livelihoods framework, created by the British Department for 
International Development (DFID) is used with system thinking qualitatively to understand RES acceptance. 
Though barriers to RES acceptance are discussed, their sensitivity to the project is not analysed through the 
SF diagram quantitatively.  

Mini-grids behavior may be understood when their life cycle sustainability is analysed with system dynamics 
using simulations. To the best of the authors‘ knowledge, the research area is not much explored. The main 
contribution of this paper is proposing a PoC model for the ―dynamic life cycle sustainability assessment (D-
LCSA) of mini-grids‖. 

 

 

 

 

 



4. Materials and methods 
In section 4.1, a conceptual framework depicting the system boundaries and various sustainability 
dimensions is discussed and a visual summary is provided in Figure 5. Then, section 4.2 illustrates a PoC 
model built according to the conceptual framework and focuses on system dynamic analysis. The PoC 
model is implemented in section 5 as a case study. The PoC addresses dynamics in mini-grids by 
connecting LCSA, mini-grids, and SD. 

4.1. Conceptual framework for D-LCSA of mini-grids 

Decision-making in sustainability assessment has the least or no influence on background processes while 
foreground processes are under the control of the decision-makers. In this paper, the sustainability 
assessment of operating mini-grids is considered. Hence the phases considered in the foreground system 
are the ―use phase‖ and the ―end of life phase‖. This is called as ―Gate to Grave‖ approach in LCSA. The 
mini-grid system has physical exchanges (vertical arrows) for all phases in the form of input and output flows. 
These exchanges may be ―elementary flows‖ (e.g. raw resources, emissions of pollutants and other 
materials into the environment, waste generated during the maintenance or at the end of the life cycle). The 
functional unit for LCSA is considered as 1 Unit (1 kWh) of electricity generated. A conceptual framework is 
shown in Figure 5. 

For life cycle impact assessment, the conceptual framework considers the following two groups of variables: 
(i) variables in the mini-grid system (e.g. electricity generated, expenditure on maintenance, distribution 
losses) (ii) influencing variables in the socio-economic system (e.g. population, per capita income). These 
variables can be realised by different indicators like technical, economic, social, environmental, and 
institutional. 

 

 

Figure. 5.  Conceptual framework. 

4.2. Proof-of- concept model for D-LCSA of mini-grids 

Proof-of-concept model is developed to simulate ―the dynamic impact assessment of mini-grid systems on 
livelihood and vice versa.‖ Figure 6 represents the steps and all the elements considered in the model. 
Indicators used for LCSA of mini-grids are finalised by literature review and field visits for systemic 
understanding. The indicators are classified as technical, economic, social, environmental, and institutional. 
Cause-effect relationships amongst the indicators can be represented by CLD. Once the indicators are 
finalised, the next important step in the model is to develop the SF diagram. SF diagram requires two inputs: 
i) mathematical relationships amongst variables and ii) variables' values and changes with time. For the 
second input, a detailed questionnaire and interactions with the stakeholders are required. This activity will 
help with the local characterisation of mini-grid sustainability. Consideration of mini-grid location-specific data 
helps to model the local impacts and their consequences on the mini-grid system. 

SF diagrams can be used to simulate the behavior of mini-grids. To compare the results from the analysis, it 
is required to decide the criteria for mini-grid sustainability. Literature review and initial fieldwork may help in 
deciding criteria. These criteria may be different for different stakeholders and thus need multi-criteria 
analysis. Inference on mini-grid sustainability can be drawn by comparing the simulation results with defined 
criteria. Scenario and policy analysis may help to minimize the sustainability gap. The next section discusses 
the development of the CLD and SF diagram for an Indian mini-grid case study. 

 

 



 

 

 

Figure. 6.  Proof-of-concept model. 

5. Case study 
This section aims to develop CLD and SF diagram to assess mini-grid sustainability. The application of the 
PoC model is currently limited by the data availability for all the variables (indicators). In this paper, the 
development of CLDs and simulations of the behavior of a few indicators with SF diagrams are explored. 
Simulations show the variations in the mini-grid behavior with changes in the indicator values (assumed or 
collected during the field visit for systemic understanding). Comprehensive D-LCSA using all steps in the 
PoC model is envisaged after the survey questionnaire preparation and data collection from the field. CLD 
for a case study of a mini-grid at a place called ―Makhla‖ is developed referring to [20-23] and modified as 
per interactions with stakeholders conducted for systemic understanding.  

Makhla (Tembhurni Dhana) is a village in Chikhaldara taluka, Amravati district of Maharashtra state. The 
village is 104 km away from the district head quarter and is located in the Melghat tiger reserve forest. 
Electricity was not available in the village till October 2021 and the nearest centralised grid is 10 km away 
(Semadoh). 154 predominantly tribal families are residing in the village. Maharashtra Energy Development 
Agency (MEDA), a Government of Maharashtra institution has installed 37.8 kWp off-grid mini-grid in the 
village. Mini-grid was commissioned on 22

nd
 October 2021. The basic energy requirement of the village is 

estimated at 200kWh/day. Energy storage of 110 kWh is supplied by ‗amperehour solar technology Pvt. Ltd -
energy storage solutions Company in Pune, Maharashtra, India. CLD for the Makhla mini-grid is shown in 
Figure 7.   

In the developed CLD, the variables not bounded in any shape are referred from the literature. The variables 
in the solid box are the authors‘ contributions and in highlighted box are outcome of field interactions. In 
CLD, ‗+‘ sign represents the change in the variable in the same direction as the first. ‗-‗sign represents the 
opposite change. Loops classified as reinforcing loops (R) and balancing loops (B) are marked in the CLD 
and listed in Table 2. Reinforcing loops create exponential growth while balancing loops create stability.  

Table 2.  Different loops in Makhla CLD. 

Loop 
No. 

Loop Type 

1 Mini-grid Income--Timely Repair and Maintenance--Battery Energy Storage Rating-- 
Reliability of Electricity--Electricity Usage--Mini-grid Income 

Reinforcing 
(R1) 

2 Mini-grid Income--Timely Repair and Maintenance--Battery Energy Storage Rating-- 
Reliability of Electricity--Social and cultural events--Conflicts between community 
and VEC--Mini-grid Income 

Reinforcing 
(R2) 

3 Mini-grid Income--Timely Repair and Maintenance--Battery Energy Storage Rating-- 
Reliability of Electricity--Social and cultural events--Electricity Usage--Mini-grid 
Income 

Reinforcing 
(R3) 

4 Mini-grid Income--Timely Repair and Maintenance--Battery Energy Storage Rating-- 
Reliability of Electricity--Electricity Usage--Cooking time--Health improvements--
Satisfaction--Conflicts between community and VEC--Mini-grid Income 

 

Reinforcing 
(R4) 



Loop 
No. 

Loop Type 

5 Mini-grid Income--Timely Repair and Maintenance--Battery Energy Storage Rating--
Reliability of Electricity—Electricity Usage--Safety from wild animals--Health 
improvements--Satisfaction--Conflicts between community and VEC--Mini-grid 
Income 

Reinforcing 
(R5) 

6 Electricity Usage--Working hours--Number of IGAs--Business Income--Investment in 
IGAs--Local economic opportunities--Local Employment--Per capita income-- New 
Appliances Purchase--Demand for electricity--Battery Energy Storage Rating-- 
Reliability of Electricity--Electricity Usage 

Reinforcing 
(R6) 

7 Electricity Usage--Study time for students, Education level--Per capita income-- New 
Appliances Purchase--Demand for electricity--Battery Energy Storage Rating-- 
Reliability of Electricity--Electricity Usage 

Reinforcing 
(R7) 

8 Battery Energy Storage Rating--Reliability of Electricity--Repairs and Maintenance 
Needed--Repair and Maintenance--Battery Energy Storage Rating 

Balancing 
(B1) 
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Figure. 7.  CLD for Makhla mini-grid. 

Mini-grid dynamics can be simulated using SF diagrams where stocks represent the accumulations in the 
system while flows represent the dynamics by defining how the stocks change with time. For SF analysis of 
the mini-grids, the identified stocks are mini-grid net income, battery capacity, electricity demand, electricity 
usage, and population. SF diagram for the Makhla mini-grid is shown in Figure 8. All variables from CLD, 
specifically qualitative ones are not included in the SF diagram as the aim is to show how quantitative 
analysis can be realised. Quantifying the qualitative variables is one of the challenges in the D-LCSA. 

6. Results and discussions 

In this section reinforcing loop R1 in Table 2 is simulated using Vensim software and results are explained in 
detail. Loop R1 consists of the variables: - ―Mini-grid Income‖, ―Timely Repair and Maintenance‖, ―Battery 
Capacity‖(Battery Energy Storage Rating), ―Reliability of Electricity‖, and ―Electricity Usage‖. ―Mini-grid 
Income‖ is linked to ―Timely Repair and Maintenance‖ by expressing later as the average delay in the 
process through a look-up table. The repair and maintenance are delayed due to lesser income which 
impacts the battery capacity. The relevant degrading factor is assumed. To calculate the ―Reliability of 
Electricity‖, it is necessary to understand the shortage of both battery energy and the power rating of the 
mini-grid system. For simplicity, faults or equipment failures are not considered. The ―Reliability of Electricity‖ 
is linked to ―Electricity Usage‖ through the sensitivity factor. Electricity usage will impact the mini-grid income 
and hence the loop is completed. The simulation results are shown in Figure 9 to Figure 12. 

 



 

Utilisation
factor

Mini-grid Net Income
(Rs.)

Electricity usage (kWh)

Mini-grid
Income

Mini-grid
Expenditure

usage rate

Overheads
Replacement

Cost

No.of repairs
No.of

Maintenance
Cost per
repair

Cost per
maintenance

Cost per
replacement

fractional population
growth rate

Per capita
electricity

consumption

Cost per unit

No.of
connections

Average cost per
connectionElectricity

Demand (kWh)
Change in
Demand

Fractional demand
growth rate

Repair cost
Maintenance

cost

No.of
replacement

No.of
employees

Salary per
employee

Fractional usage
growth rate

Fixed charge per
connection

Cost
sensitivity

Calculated capacity
from demand

Calculated rating
from demandStorage

shortage

Power
shortage

Conversion
factor

Reliability of
Electricity

Repair and
Maintenance Cost

Reliability
sensitivity

<Reliability of
Electricity>

Average delay in
Repair and

Maintenance

PopulationPopulation
growth rate

fractional battery
degradingBattery

Capacity
Capacity

degradation

<Battery
Capacity>

Mini-grid
rating

yearly income

 

Figure. 8.  SF diagram for Makhla mini-grid. 

 

Figure. 9.  Mini-grid Income. 

 

      Figure. 10.  Reliability of Electricity. 

 

 

Figure. 11.  Battery Capacity.  

 

 

       Figure. 12.  Electricity Usage. 



 

Figure. 13.  Variations of Reliability of Electricity with Cost per Unit.  

SF diagrams can be used for scenario analysis. The variation in the cost per unit (tariff) and its impact on 
reliability is shown in Figure 13. The existing tariff of Rs.5 per unit is first increased to Rs.6 per unit and then 
decreased to Rs.4 per unit for scenario analysis. Lower tariff results in higher usage decreasing reliability. 
Higher tariff reduces electricity usage and hence the reliability is higher. Similarly, the policies can also be 
analysed with the help of the SF diagram. 

The inference for mini-grid sustainability can be drawn by comparing the simulation results with defined mini-
grid sustainability criteria. The changes in the values of related variables may reduce or increase the gap in 
expected sustainability results. These analyses can be used as levers in decision-making related to mini-grid 
operations as shown in Figure 6. During the field visits, mini-grid systems are observed to follow some 
common patterns and face some common challenges irrespective of the location. These patterns may be 
modelled to generalise the performance of the mini-grid systems having similarities. 

Conclusions 

The framework presented in this paper attempts to conceptually identify limitations or scope of improvement 
in the LCSA of mini-grids. A proof-of-concept model was developed linking to dynamic causal relationships 
between technical, social, economic, environmental, and institutional variables to address life cycle changes 
in mini-grids. The important steps in models like the development of CLD, SF diagram, and simulation of  the 
same are illustrated with a case study of a mini-grid in India. The results highlight the advantages of adding 
SD analysis into LCSA. The proposed model expands state-of-the-art impact assessment by incorporating 
dynamics. The results represent the behavior of the mini-grid systems by considering the complexity and 
non-linearity in the modeling. Developing the case study has highlighted the need for data monitoring for 
mini-grid systems. The accuracy of output depends on the availability of localised data. Future work could 
build on the research by use of the proposed model for comprehensive D-LCSA and developing a digital 
dashboard useful for all the stakeholders. Further applications of the D-LCSA model to case studies of 
various mini-grid scenarios may validate the proposed PoC model. ―Defining mini-grid sustainability‖ is 
necessary to set the benchmark useful for sustainability analysis. The common and recurring patterns in the 
scenarios that shape the mini-grid behavior may be identified. Participatory SD not considered in the PoC 
can be explored for the formation of CLDs and quantify the feedback between different variables. 
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Abstract: 

With more renewable energy sources (RES) which are inherent intermittent and unpredictable connecting 
with power grid, various stability problems occur, among which the peak load regulation is the most 
prominent. Energy storage systems (ESSs) are essential for buffering the electricity grid. Selecting the most 
suitable energy storage technology among various alternatives is of great importance. In this work, the 
sustainability of typical energy storage technologies was studied with respect to four aspects for peak 
shaving scenarios, including technical (i.e. maturity, energy density, round-trip efficiency, duration ranges, 
life cycles, lifetime and position flexibility), economic (levelized cost of energy, net present value), 
environmental (i.e. global warming, damage to human health, damage to ecosystems, damage to resource 
availability) and social (public acceptance) based on the full life cycle. This study evaluated the soft criteria 
including maturity, position flexibility and public acceptance by Analytic hierarchy process (AHP). Life cycle 
assessment (LCA) and life cycle cost (LCC) methods were combined to study the life-cycle environmental 
and economic performance. Technique for order preference by similarity to an ideal solution (TOPSIS) was 
applied for determining the sustainability prioritization of energy storage technologies. The sensitivity 
analysis was carried out to investigate the effects of control and economic input parameters on 
environmental performance and economic performance. In addition, the effects of criteria weights, electricity 
sources and number of daily cycles were conducted on sustainability ranking of ESSs. The results showed 
Lithium iron phosphate battery (LIPB) and pumped hydro storage (PHS) had good sustainability performance, 
which could be the most suitable energy storage technologies for peak shaving scenarios. 

Keywords: 

Energy storage; Life Cycle Assessment; Life Cycle Cost; Peak shaving; Sustainability prioritization. 

1. Introduction 
More renewable energy sources (RES) have connected with power grid, but RES is inherent intermittent and 
unpredictable, which result in various stability problems in which the peak load regulation is the most 
prominent. Energy storage systems (ESSs) are essential for buffering the electricity grid [1]. There are 
various ESSs which have different properties and performances. Selecting the most suitable energy storage 
technology for specific scenario when facing various conflicting criteria is of great importance for the 
decision-makers [2]. 

A few studies are available that evaluate the performance of different ESSs in the specific application by 
multi-criteria decision making approach [1-8]. Vo T.T.Q et al. [1], Ren J.Z et al. [2] and Raza S.S. et al. [3] 
evaluated the energy storage technologies considering the economic, technical and environmental impacts. 
Walker S.B.et al.[4] and Petrillo A.et al.[5] assessed the Power-to-Gas technologies and a compressed air 
energy storage system respectively in technological, economic and social aspects. The performance of 27 
energy storage alternatives which were classified into fast response and long-term clusters were assessed 
by Rostami F. et al. [6] considering the economic, environmental and social indicators using data 
envelopment analysis. Baumann M. et al. [7] and Cellura S. et al. [8] combined the environmental and 
economic assessments for batteries and flywheel energy storage, respectively.  Davies D.M. et al. [9] 
assessed the batteries by combining economic and technological evaluation. However, the considered 
evaluation criteria are not comprehensive in these above studies, the disregarded aspects often also have a 
certain impact on the sustainability performance.    

There are some literatures assessing the sustainability performance of ESSs in terms of comprehensive 
aspects including environmental, economic, technical and social categories [10-17]. Ilbahar E. et al. [10] 
proposed a methodology to evaluate the hydrogen energy storage systems. Baumann M. et al. [11] 
evaluated the overall performance of batteries for four grid services. Seven energy storage technologies 
including lead-acid batteries, Li-ion batteries, super capacitors, hydrogen storage, compressed air energy 
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storage, pumped hydro, and thermal energy storage for ten scenarios were evaluated by Albawab M. et al. 
[12]. Balezentis T.et al. [13] presented a novel multi-criteria utility analysis approach for ranking hydrogen 
storage, HPS, CAES, Li-Ion batteries, lead acid batteries, flow batteries, and molten salt energy storage. Lin 
R.J. et al. [14] studied the overall performance of energy storge technologies by innovative indices of 
sustainability efficiency and super-efficiency. Evaluation of PHS, CAES and NaS for integration with wind 
power in the Pacific Northwest region of the US was conducted by Turgrul U.D. et al. [15]. The sustainability 
prioritization of four alternatives including pumped hydro, compressed air, lithium-ion, and flywheel were 
assessed by Ren J.Z.et al. [16]. Acar C. et al. [17] analysed the sustainability performance of energy storage 

systems including Pumped hydro, conventional batteries, high-temperature batteries, flow batteries, and 

hydrogen for residential applications. In these literatures, the considered index are often hard criteria which 
have exact data and the assessments often rely on existing literatures without considering the varying of the 
input parameters such as round-trip efficiency, electricity sources in different scenarios. 

In addition, the available literatures generally study the economic performance in terms of energy cost and 
power cost [13,17] or capital and operating cost [12,14-16] and study the environmental performance in 
terms of CO2 which are both obtained from the previous literatures or the engineering reports. Mostafa M.H. 
et al. [18], Hunter C.A. et al. [19] and Chen X.J. [20] point out that levelized cost of energy, payback period 
and internal rate of return should be used to evaluate the life cycle economic performance of ESSs. 
Researchers [21-26] often conduct life cycle environmental assessments of different ESS to choose the best 
environment-friendly alternatives from the aspects of cumulative energy demand, global warming potential, 
ozone layer depletion potential, marine aquatic ecotoxicity potential, acidification potential, damage to human 
health, damage to ecosystems and damage to resource availability et al. Moreover, few literatures such as 
[11] analyze the sustainability of ESSs from the perspective of life-cycle aspect. In consequence, there is a 
lack of comprehensive assessment of different ESSs that consider not only the life-cycle costing but also 
quantifying the soft index from the aspects of technical, economic, environmental and social performances. 

This study aims at tackling these gaps by providing a comprehensive sustainability assessment of different 
ESSs. The studied ESSs are pumped hydro storage (PHS), compressed air energy storage (CAES), lithium 
iron phosphate battery (LIPB) and vanadium redox flow battery (VRFB) which are applicable for the peak 
shaving scenarios. The soft criteria of technical and social categories are quantified by Analytic hierarchy 
process (AHP), and life-cycle assessment (LCA) and life-cycle cost (LCC) are adopted to evaluate the 
environmental and economic performance parameters based on the full life cycle of ESSs. 

2. Methodology 

2.1. Assessment framework 

The sustainability assessment which can incorporate both hard and soft criteria was conducted with respect 
to technical, economic, environmental and social categories for peak shaving scenarios based on the full life 
cycle, in order to select the most suitable energy storage option, assessment framework of this study is 
shown in Figure 1. The technical category included round-trip efficiency, energy density, duration range, life 
cycles, lifetime, maturity and position flexibility. The environmental category included global warming (GWP), 
damage to human health (DHH), damage to ecosystem (DE) and damage to resource availability (DRA). The 
economic category was mainly levelized cost of energy (LCOE) and net present value (NPV). The social 
category mainly considered public acceptance.  

 

Figure. 1.  Overview of the assessment framework. 



AHP was applied to evaluate the soft criteria including maturity, position flexibility and public acceptance, it 
was also employed to determine weights of main criteria and subcriteria in each category. Environmental 
and economic performance were quantified by Life cycle assessment (LCA) and life cycle cost (LCC) 
methods, and they have the same system boundary including the raw materials extraction and processing, 
manufacturing, usage and disposal or recycling stage of ESSs. Technique for order preference by similarity 
to an ideal solution (TOPSIS) which can rank the alternatives was applied for sustainability prioritization of 
energy storage technologies. The effects of criteria weights, electricity sources and number of daily cycles on 
environmental performance, economic performance and sustainability order were conducted in the sensitivity 
analysis. 

The technical and social performance assessment is based on the technology data about ESSs from 
literature, survey and interviews, and calculated by AHP method and interval approach for uncertainties [2]. 
Environmental performance assessment is calculated by Recipe endpoint approach in Simapro software 
whose life cycle inventory data (LCA input) is from literature and engineering reports. Economic performance 
assessment is conducted by the LCC model which is established by the author in which the life cycle cost 
inventory is from literature, survey and engineering reports. 

2.2. Quantifying the soft criteria and determining the criteria weights   

Maturity, position flexibility and public acceptance are important for the alternatives to evaluate the 
sustainability performance, but they are soft criteria whose data cannot be obtained directly, it is hard to be 
compared between different alternatives in the TOPSIS process [2], so it is essential to quantify the soft 
criteria.  

AHP method was generally employed to determine the weights of considered four categories as well as that 
of the subcriteria in each category [13], it could also be used to assess the relative performance of the 
energy storage alternatives with respect to soft criteria. Table 1 shows the linguistic terms and their 
corresponding numbers for the pair-wise comparison in the analysis.  

Table 1.  Linguistic terms and corresponding numbers for the pair-wise comparison. 

Numbers Linguistic terms Numbers Linguistic terms 

1 Equally important 7 Strongly more important 
3 Slightly more important 9 Absolutely more important 
5 More important 2,4,6,8 Intermediate values between the two adjacent judgments 

 
2.3. Life cycle cost 

Two economic indicators are conducted to compare the economic performance of different energy storage 
alternatives, namely levelized cost of energy (LCOE) and net present value (NPV) which are important index 
that be studied by many researchers [18-20]. Figure 2 shows the life-cycle cost of ESSs, it is worth 
mentioning that costs associated with the environmental impacts were not considered for avoiding the 
duplication among LCA and LCC indicators. The LCOE and NPV were calculated as equations (1) and (2). 
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Where Cinvestment represents the investment cost, Co&m is the sum of fixed and variable operation and 
maintenance cost, Cc is the charging electricity cost, Crc is the replacement cost, the replacement time of 
ESSs is related to the maximum number of cycles, Cdr is the disposal and recycling cost, T is lifetime of the 
power station, rd is the discount rate which is set as 5.49%[27], rif is the inflation rate which is set as 2%[27], 
Et  represents the annual power generation, p is the proportion of initial investment which is set as 30%[20], 
Cprof is the annual profit considering the peak valley price difference of power grid, Cloan is the annual 
repayment of debt. Et and Cprof are calculated as equations (3) and (4).  

(1- )E self DOD dist yQ SE OC N      =                                                (3) 

( )prof t s pC E p p =  −                                                              (4) 

Where QE is the designed capacity of ESSs, ηself is the self-discharge efficiency, SOC represents the 
average proportion of capacity over ESSs’ lifetime considering the decay rate, θDOD is the discharge depth, 
ηdis is the discharge efficiency, and Ny is the average number of cycles per year, ps and pp are the electricity 
prices for sale and purchase, η is the round-trip efficiency. 



The lifetime of energy storage power station is considered as 20 years, which is inconsistent with the life of 
ESS, so it may face the problem of replacement of battery and equipment during the operation of power 
station. The replacement time is related to the number of cycles, number of daily cycles and the calendar life 
of ESS, the market price change of energy storage components (especially the battery cell) is also 
considered at the replacement time. Replacement cost Crc is calculated as equation (5). 

                           = (1- ) rt
b Erc rc rc QC                                                   (5) 

Where rb represents the cost reduction rate of energy storage components, which is 7.78% for LIPB [20], crc 

is the unit replacement cost, tr is the replacement time. 

 

Figure. 2.  The main elements of life-cycle cost of energy storage systems. 

3. Results and discussions 

3.1. Weights 

As mentioned above, weights of considered indicators were calculated by AHP method. For the main criteria 
weights, environmental criteria were assumed to be the most important, followed by economic, technical and 
social criteria [11, 15], the maturity and position flexibility were the most important, which are followed by 
round-trip efficiency, duration ranges, life cycles, lifetime and energy density for the technical subcriteria, 
GWP and DHH were the most important, followed by DE and DRA for environmental subcriteria, the results 
were shown in Figure 3. The weights of environmental, economic, technical and social indicators were 0.46, 
0.28,0.16 and 0.10, respectively. The maturity and position flexibility had the biggest weights which were 
0.27, GWP and DHH had the biggest weights which were 0.35. 

 

Figure. 3.  The weights of the evaluated criteria. 

3.2. Environmental aspects 

A cradle-to-grave LCA model [21-25] was adopted for evaluating the environmental impacts of typical energy 
storage technologies, ReCiPe method was applied for the assessment which provides midpoint as well as 
endpoint indicators by using SimaPro 9.2 software. With the proposal of carbon peak and carbon neutral 
goal, researchers pay more attention to the contribution of ESSs to this goal, thus GWP was selected as a 



separate index. The functional unit was set to one megawatt-hour of electricity delivery over the entire 
lifetime. The life cycle inventory (LCI) was mainly based on specific engineering reports. The environmental 
results of LIPB and VRFB were partly based on the previous work [26]. 

Figure 4 shows the environmental performance of ESSs, including the impacts of GWP, DHH, DE and DRA. 
Median results are provided including positive and negative whiskers for the 25% and 75% quartiles in 
Figure 4(a), and the author mainly analysed the median results in the work. What needs to point out is the 
electricity mix used in the usage process of baseline scenario throughout this work was the Chinese 
electricity mix in 2020.  

  

 (a)  Global warming  (b)  Damage to human health 

  

(c)  Damage to ecosystem (d)  Damage to resource availability 

Figure. 4.  The environmental performance of energy storage systems in the life cycle. The indicated 
whiskers in (a) represent 25% and 75% quartiles.  

It can be observed that net GWP of PHS, CAES, LIPB and VRFB were 188.4-324.1-500.1, 246.6-397.0-
755.4,86.9-102.3-139.8,343.5-374.1-452.4 kgCO2-eq/MWh. LIPB had the best global warming performance, 
followed by PHS, VRFB and CAES. In general, the basically same trend was observed for the other three 
environmental impacts which was not demonstrated here. For the life cycle of ESSs, the usage process had 
the most impacts of GWP, DHH, DE and DRA, and the proportion of four environmental impacts of LIPB was 
75.7%,73.0%,73.7% and 48.5%, respectively. The recycling process had the negative environmental 
impacts for the recycled materials were beneficial for the environment. Compared with PHS, CAES and LIPB, 
the recycling process of VRFB provided the greatest environmental benefits. 

3.3. Economic performance 

Levelized cost of energy (LCOE) and net present value (NPV) for PHS, CAES, LIPB and VRFB were 
displayed in Figure 5 in which median results are provided including positive and negative whiskers for the 
25% and 75% quartiles. It should be noted that LIPB needed to be replaced once.  

Figure 5(a) showed LCOE of PHS, CAES, LIPB and VRFB were 1.40-1.54-1.71,1.46-1.59-1.91,1.65-1.77-
1.95 and 2.04-2.06-2.36 ¥/kWh, respectively. The performance of LCOE from the best to the worst was PHS, 
CAES, LIPB and VRFB, the rank results were consistent with the literature [11,18-20]. Take LIPB for 
example, the proportion of initial investment cost was 50.2%, the charging electricity cost was 30.2%, the 
O&M cost was 12.1% and the replacement cost was 7.5%. It can be found that initial investment cost and 
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charging electricity cost contributed most to LCOE. Figure 5(b) showed NPV of PHS, CAES, LIPB and VRFB 

were 43.1-58.1-70.6,29.5-55.6-67.0,10.1-29.8-43.0 and -31.9-1.1-2.5 million ￥ , respectively. The NPV 

performance of PHS was best and that of VRFB was worst which was same to the LCOE results.  LIPB had 
the least charging electricity cost for LCOE and the biggest profit for NPV, followed by PHS, VRFB and 
CAES, it was mainly related to the round-trip efficiency which were 95%, 75%,73% and 70% for LIPB, PHS, 
VRFB and CAES, respectively. 

  

(a)  Levelized cost of energy (b)  Net present value 

 

Figure. 5.  The economic performance of ESSs. The indicated whiskers represent 25% and 75% quartiles. 

3.4. Technology and social aspects 

The results of quantified soft criteria with respect to maturity are presented in Table 2. The maturity of PHS, 
CAES, LIPB and VRFB were mature, developed/commercial, demonstration and demonstration, while the 
corresponding scores were 0.45, 0.26, 0.14 and 0.14, respectively. For the performance of position flexibility, 
PHS and CAES had strict restrictions, LIPB and VRFB had no special restrictions, so the scores were 0.13, 
0.13, 0.38 and 0.38. For the performance of public acceptance, PHS has been accepted, CAES was 
developing, LIPB and VRFB depended on the station scale, so the public acceptance scores were 
0.45,0.26,0.14,0.14. It can be found that the better the performance, the higher the score.  

Table 2.  The relative performances of ESSs with respect to maturity. 

Maturity PHS CAES LIPB VRFB 

PHS Mature 1 2 3 3 

CAES Developed/ 
Commercial 

1/2 1 2 2 

LIPB Demonstration 1/3 1/2 1 1 

VRFB Demonstration 1/3 1/2 1 1 

Relative performances 0.45 0.26 0.14 0.14 

 

In addition to the above soft criteria, the other technical indicators of ESSs were basically not definite values, 
but were in the range, it was also impossible to be compared directly in the TOPSIS process. Therefore, the 
interval approach for uncertainties proposed by Ren [2] was used to evaluate the technical performance of 
ESSs, the results were shown in Figure 6. Round-trip efficiency of PHS, CAES, LIPB and VRFB were 65%-
85%, 54%-80%, 93.5%-96% and 70%-75%, while the corresponding scores were 1.77, 1.15, 3.5 and 1.58, 
respectively. Lifetime of PHS, CAES, LIPB and VRFB were 30-60 years, 20-40 years, 7.5-20 years and 10-
20 years, while the corresponding scores were 3.3, 2.7, 0.94 and 1.06, respectively. It can be observed that 
best performance with higher scores of round-trip efficiency, life cycles, lifetime, duration range and energy 
density were for LIPB, PHS, PHS, CAES and LIPB. 
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Figure. 6.  The technical performance of ESSs. 

3.5. Indicative scores and rankings 

The considered technical, economic, environmental and social criteria have the inconsistent character, so 
the results can’t be directly comparable, thus a single score was calculated by TOPSIS for multi-criteria 
decision analysis for sustainability assessment of typical ESSs. The rankings and sustainability scores of 
ESSs are shown in Figure 7. For environmental aspects, the performance which ranked from 1 to 4 was 
LIPB, PHS, VRFB and CAES. For economic aspects, the performance of PHS, CAES, LIPB and VRFB 
ranked from 1 to 4. And PHS performed best, CAES performed worst for technology aspects. The 
sustainability performance of PHS, CAES, LIPB and VRFB were 0.50, 0.30, 0.64 and 0.13. It was found that 
LIPB was best for sustainability performance, and VRFB was worst. 

 

Figure. 7.  The ranking and sustainability score of ESSs. 

3.6. Sensitivity analysis 

3.6.1. Sensitivity analysis of environmental impacts 

Sensitivity analysis of electricity sources, discharge depth, round-trip efficiency and number of daily cycles on 
environmental impacts were conducted. Sensitivity analysis result of GWP was displayed here, the variation 
trend of DHH, DE and DRA were the same with that of GWP. Figure 8 shows the effect of changing the 
electricity sources on GWP including solar photovoltaic (PV) and wind, it is quite evident that PV and wind 
scenarios drastically reduced the environmental impacts compared with the grid mix scenario. The GWP for 
PV and wind scenario was reduced to as little as less than 31.8% and 26.5% of the impacts of grid mix 
scenario, respectively. Moreover, the relative ranking of the four ESSs changed and CAES became more 
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competitive in the wind scenario. Figure 8(b) shows the variation of GWP impacts of ESSs with the variation 
of the GHG emissions of the electricity sources. The GHG emissions of grid mix, PV and wind are 806, 79 
and 23 kg CO2-eq/MWh, respectively. Considering the grid mix as the reference scenario, a decrease of one 
percentage of electricity sources’ GHG emissions will lead to a corresponding decrease in GWP impacts of 
0.97%,0.99%,0.76%,0.92% for PHS, CAES, LIPB and VRFB, respectively. 

  

(a) (b) 

Figure. 8.  GWP impact of changing the electricity sources. 

  

(a)GWP impact of PHS (b) GWP impact of CAES 

  

(c) GWP impact of LIPB (d) GWP impact of VRFB 

Figure. 9.  Sensitivity analysis results of changing the discharge depth, round-trip efficiency and number of 
daily cycles on GWP impact. 

The variation of GWP impact when the discharge depth, round-trip efficiency and number of daily cycles vary 
from the 0.90 to 1.10 times of reference value are shown in Figure 9. The reference round-trip efficiency 
values were 75%, 70%,95% and 73% for PHS, CAES, LIPB and VRFB, respectively. It can be found that an 
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increase of one percentage of round-trip efficiency will lead to a corresponding decrease in GWP impacts of 
4.8%,4.5%,9.4%,4.4% for PHS, CAES, LIPB and VRFB, respectively. And the reference discharge depth 
and number of daily cycles values were 80% and 300 cycles per day for four ESSs, the variation of GWP 
impact was not changed evidently when the two input parameters varied. Therefore, electricity sources and 
round-trip efficiency had important impacts on the environmental performance of ESSs. 

3.6.2. Sensitivity analysis of economic impacts 

The effects of control and economic parameters on LCOE were conducted which is shown in Figure 10. In 
terms of control parameters, discharge depth, round-trip efficiency and number of daily cycles were selected 
for analysis, and the economic parameters of unit capacity cost and charging electricity price were analysed. 
LCOE increased with the increasing of economic parameters and the decreasing of control parameters. For 
LCOE of LIPB, an increase of one percentage of unit capacity cost and charging electricity price will lead to a 
corresponding increase of 58.1% and 28.3%. In addition, an increase of one percentage of discharge depth, 
round-trip efficiency and number of daily cycles will lead to a decrease of 72.1%, 29.3% and 67.3%, 
respectively. It is illustrated that the control parameters had more influence to LCOE than economic 
parameters, and LCOE was more sensitive to the discharge depth which was consistent with the literature 
[20].  

  

(a)LCOE of PHS (b) LCOE of CAES 

  

(c) LCOE of LIPB (d) LCOE of VRFB 

Figure. 10.  Sensitivity analysis results of control and economic parameters on LCOE. 

3.6.3. Sensitivity analysis of rankings 

Sensitivity analysis was carried out to investigate the effects of electricity sources, number of daily cycles 
and criteria weights on sustainability score and rankings.  

The variation of sustainability score of ESSs under different electricity sources is displayed in Figure 11, it 
can be noticed that the sustainability score and ranking varied while the electricity sources varied from grid 
mix to renewable energy (wind and solar PV), PHS changed its ranking from two to one and changed the 
score from 0.50 to 0.82 and 0.74, respectively. Figure 12 shows the sensitivity analysis under different 
number of daily cycles, the ranking did not change in a qualitative manner yet the sustainability score of 
ESSs changed, as the number of daily cycles increased, the superiority of LIPB was improved. 
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Figure. 11.  Sensitivity analysis under different 
electricity sources. 

Figure. 12.  Sensitivity analysis under different 
number of daily cycles. 

Criteria weights were altered from 0 to 1 by increasing its value 0.1 at a time as shown in Figure 13. When 
the weight of one criterion was changed, the weights of the remaining three main criteria were kept the same 
proportionally. As can be noticed from all parts of Figure 13, the ranking varied noteworthily with varying 
weights of main criteria. For example, LIPB changed its ranking from three to one when environmental 
weight was given higher weights. As a whole, PHS and LIPB were the most sustainable energy storage 
option. 

  

(a)environmental  (b)economic 

  

(c)technical (d)social 

Figure. 13.  Sensitivity analysis of varying the main criteria weights. 

4. Conclusions 
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This study provides a sustainability assessment of typical energy storage systems for quantifying the 
considered environmental, economic, technical and social criteria for peak shaving scenarios, the studied 
alternatives include pumped hydro(PHS), compressed air energy storage(CAES), lithium-ion phosphate 
battery(LIPB) and vanadium redox flow battery(VRFB). A combination of life cycle assessment, life cycle cost, 
quantifying the soft criteria and TOPSIS methodology were applied based on the full life. The conclusions 
were: 

(1) For PHS, CAES, LIPB and VRFB, environmental indicator of GWP for were 324.1, 397.0,102.3,374.1 
kgCO2-eq/MWh, economic indicator of LCOE were 1.54, 1.59, 1.77 and 2.06 ¥/kWh, NPV were 58.1, 

55.6, 29.8 and 1.1 million ￥, the sustainability performance score were 0.50, 0.30, 0.64 and 0.13. 

(2) The sensitivity results point out discharge depth are the main drivers of life cycle cost (LCC), while for 
the environmental performance, the electricity sources and round-trip efficiency are of paramount 
importance. The sustainability rank of ESSs depends on the weight of main criteria and electricity 
sources, PHS and LIPB are the most sustainable alternatives in the sensitivity analysis. 
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Nomenclature 
Abbreviations: Greek symbols 

AHP analytic hierarchy process Cc charging electricity cost 

CAES    compressed air energy storage Cdr disposal and recycling cost 

DE        damage to ecosystem Cinvestment investment cost 

ESSs     energy storage systems Cloan annual repayment of debt 

DHH    damage to human health Co&m operation and maintenance cost 

DRA     damage to resource availability Cprof annual profit 

GWP    global warming potential Crc replacement cost 

LCA     life cycle assessment Et annual power generation 

LCC    life cycle cost   Ny average number of cycles per year 

LCOE  levelized cost of energy QE designed capacity of ESSs 

LIPB   lithium iron phosphate battery SOC average proportion of capacity  

PHS   pumped hydro storage T lifetime of the power station 

RES Renewable energy sources p proportion of initial investment 

TOPSIS technique for order preference by 
similarity to an ideal solution 

pp  the electricity prices for purchase  

ps the electricity prices for sale 

VRFB  vanadium redox flow battery rd discount rate 

  rif Inflation rate 

  η round-trip efficiency 

  ηdis discharge efficiency 

  θDOD discharge depth  
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Abstract: 
The review of national and international energy strategies forced by recent disruptive events emphasized the 
importance of developing tailored planning to pursue the increased decarbonization goals. Within this context, 
the presented article first describes the development of a bottom-up optimization tool tailored for the Lombardy 
region, in Italy. Then it evaluates different technology mixes to identify the optimal configuration to reach local 
decarbonization targets at minimum costs. The model has a solid spatial resolution and a wide range of 
technological options, and it is set to analyse the local energy system at the target year (2030). The work 
evaluates the response of the system to different decarbonization goals and is carried out by comparing the 
cost of an avoided ton of CO2. A CO2-equivalent emission limit in line with the EU Fit-For-55 package returns a 
feasible solution with conventional technology options, such as thermal insulation, electrification, energy 
efficiency and a partial substitution of natural gas with biomethane. Electrification is strongly bound to the 
expansion of photovoltaics since the additional potential of other sources is negligible. However, at higher 
decarbonization targets, the cost of avoided CO2 rises at unsustainable values. Analysis on resources’ 
availability, utility scale photovoltaic power plants and on commodity prices investigate the possibility to 
overcome this limit and the main results emphasize their strong impact on final energy configuration mix. They 
suggest the need to promote new photovoltaic installation and increasing the photovoltaic availability by 1,5 
GW (+12%) could reduce the cost of avoided CO2 of about 16%. 

Keywords: 

Energy system modelling; oemof; bottom-up model; renewable sources availability; high spatial resolution. 

1. Introduction 
In recent months and years disruptive events have strongly driven the review of national and international 
energy strategies, to better suit decarbonization pathway with a focus on energy security. In the European 
Union (EU), more challenging targets are going to be set, by strengthening the importance of differentiating 
energy supplies. Existing National Energy and Climate Plans are going to be updated with new targets for 
2030 set by the “Fit for 55” (FF55) [1] and the “REPowerEU” [2] packages, currently under discussion by EU 
authorities. In particular the FF55 sets the goal of a reduction of 55% of greenhouse gas (GHG) emissions 
compared to 1990 levels [3]. It introduces specific targets for each end-use sector: e.g., the upgrade of the 
European Emission Trading System (EU ETS), with the reduction of total emission allowances (-61%) 
compared to 2005 [1].  
All these targets must be received by national and sub-national authorities, through the development of local 
plans. In Italy, also each Region (i.e., the highest sub-national administrative level), has the authority to 
implement specific policies regarding energy and climate themes, in compliance however with national 
standards. 
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Within the mentioned context, energy system modelling plays an important role. It can help policymakers to 
study the decarbonization process of energy systems and to identify minimum cost pathways. Several 
optimization framework’s approaches exist. Fodstad et al. [4] provide a review of the state of the art, with a list 
of several studies which compare different frameworks and identify possible future developments. They 
recognize the importance to evaluate interdependencies among energy carriers, focusing on the integration of 
new energy carriers (e.g., hydrogen) or infrastructures (e.g., carbon capture and storage), to better describe 
interconnections within the system (e.g., sector coupling). They underline the required trade-off between 
spatial and time resolution, due to the computational issue related to the high level of detail for both. 

1.1. Aim of the paper and outline 
Through the development of an optimization tool tailored for the Lombardy region, in Northern Italy, the local 
energy system is evaluated at a target year (2030), in which the decarbonization targets are reached at the 
least cost. Within this context, the aim of the study is to evaluate the role of renewable energy sources (e.g., 
photovoltaic) and energy carriers (e.g., biomethane) and their impact in the GHG emissions reduction process. 
Multiple configurations of the system are then analyzed, by varying resources availability and prices of 
commodities. Lastly the work focuses on how system costs are influenced by the variation of boundary 
conditions (e.g., GHG emission target).  
In the remainder of the paper, Section 2 presents the structure of the tool used for the analysis, the setup and 
the main assumptions of the analyzed case study. The construction of baseline case and sensitivity analyses 
are reported in Section 3, followed by main results in Section 4, while main outcomes and further developments 
are summarized in the conclusion (Section 5). 

2. Methodology 
In this Section the structure of the model is first presented, followed by the main assumptions and the setup of 
the case study. 

2.1. Mathematical model structure 
The possibility to evaluate interdependencies among energy carriers (e.g., through a multi-node 
representation), coupled to its open-source behaviour, led the choice of oemof framework [5], an open-source 
energy system modelling framework written in Python that can create and solve optimization problems, for the 
presented work. 
To build the structure of an energy system, oemof framework uses different logical components: (i) buses, (ii) 
transformers, (iii) sources and sinks and (iv) storages. Buses represent energy carriers and commodities, such 
as electricity, heat or fossil fuels. Transformers represent processes or technologies which consume and/or 
produce one or more commodities. For example, a transformer may represent a gas power plant, which 
receives natural gas as input energy carrier and produces electricity as main output. Sources and sinks are 
two subcategories of transformers, respectively used to represent the production/introduction of a commodity 
in the energy system (e.g., the import of natural gas) and the final demand of an energy carrier (e.g., the heat 
demand in the civil sector). The storage component enables the system to decouple demand and supply of a 
specific energy carrier (e.g., electrochemical batteries). Lastly, the exchanges of a commodity between buses 
and transformers are named flows. 
The objective function to be minimized, which represents the system total cost, is expressed, in a simplified 
way, as follows in Eq. (1): 

system total cost = ∑ [∑(𝑓𝑙𝑜𝑤𝑐,ℎ ∙ 𝑣𝑎𝑟𝑐𝑜𝑠𝑡𝑐) + ∑(𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑡 ∙ 𝑖𝑛𝑣𝑐𝑜𝑠𝑡𝑡)

𝑡𝑐

]

ℎ

 (1) 

flowc,h is the flow of the commodity c at time-step h,  

capacityt is the capacity of the technology/transformer t related to the investment, 

varcostc is the variable cost of the commodity c, 

invcostt is the investment cost of the technology t. 

 
The constraints of the considered optimization problem guarantee the balance of energy carriers and the 
satisfaction of demand. Ad-hoc bounds that could be added to the problem might be GHG emission limits or 
availability of resources. The decision variables of the optimization problem represent the new installed 
capacity (investments) and the energy and/or mass flows within the energy system. 
A point of strength of the framework is the modularity of its components, that can be replicated as many times 
as needed, in series or in parallel, to build the energy system, as will be presented in the following section. 

2.2. Energy system structure and assumptions 

The spatial resolution of the tool starts from the aggregation of those local administrative division with similar 
socioeconomic and environmental characteristics, and results in 17 local areas within the region. 



Each area presents differences on the environment (e.g., climatic conditions, morphology and use of the land) 
and on the economics (e.g., gross domestic production, index per capita, average yearly income). For each 
area, final demands for end-use sectors, resources’ availability and technological options were defined starting 
from a high spatial resolution and a modular scheme of the energy system was then built. In Figure 1 a 
simplified graphical representation is shown. Note that the energy efficiency option is modelled as a source of 
heat in order to quantify heat demand that can be avoided with that solution. 

The resulting structure is quite complex, being characterized by more than 6500 exchanges (i.e., flows) 
between processes and technologies. The complexity of the energy system determines an important 
computational effort. 

 

Figure. 1.  Simplified scheme of the energy system for each area (commodities and processes are aggregated 
for sake of representation), represented through buses (vertical lines), sources (grey boxes, mainly on the left 
side), transformers (light-blue boxes, mainly in the central area) and sinks (pink boxes, mainly on the right); for 
sake of representation, other fossil fuels supply chain are not shown, as well as hydrogen blending process 
with natural gas. 

Each technology or process is characterized by the following input parameters: (i) capital, variable and fixed 
costs; (ii) efficiencies, (iii) residual installed capacities in the years, (iv) availability or penetration limit of 
technologies. 

Regarding the commodities and the energy carriers, the model considers: (i) natural gas, (ii) diesel, (iii) liquid 
petroleum gas for heating and (iv) for transport sector, (v) gasoline, (vi) electricity, (vii) solid biomass, (viii) 
biomethane, (ix) biodiesel, (x) hydrogen, and (xi) heat. 

The end-use sectors are analyzed with different level of detail, strongly due to the availability of input data. 
The civil sector is the one with the highest technological detail, being investigated both the heating and cooling 
demand and the power demand. For each of the 17 areas, five types of building are identified, each one with 
its specific characteristics, to provide a realistic picture of the sector: (i) detached houses, (ii) apartment blocks 
for residential sector with an independent or (iii) a centralized heating system and (iv) tertiary buildings with 
independent or (v) centralized heating systems. For each one, the model provides different technological 
solutions to satisfy thermal needs, mainly: boilers, heat pumps, district heating from different sources (i.e., 
waste-heat from industry, natural gas or biomass fuelled dedicated plants, large size electric heat pumps). 
Also power self-generation by photovoltaics (PV) is considered in the civil sector. Different combinations of the 
PV technology (i.e., alone or coupled with an electrochemical storage) and final users (i.e., single users or 
energy communities) are considered.  

Regarding the transport sector three main classes are considered: (i) light mobility, namely cars, with higher 
level of detail; (ii) light duty commercial vehicles, with an intermediate level of detail and (iii) other transport, 
which includes heavy road transport, naval and train, with a more aggregated description. For light mobility 
several technology options are compared: conventional propulsion systems based on internal combustion 
engines are in competition with plug-in hybrid electric vehicles or pure battery electric ones.  



The industry sector has very heterogeneous characteristics, about processes, technologies and energy 
carriers, which make it difficult to provide a detailed picture. The power and thermal final demands are 
investigated as aggregated. The supply options for the former are represented by electricity coming from the 
power grid or from self-generation through dedicated PV. Electricity can be used also to provide heating 
services, through industrial high temperature electric heat pumps or by synthetizing hydrogen through water 
electrolysis process.  

Being out of the scope of the presented analysis, the conventional power generation of Lombardy (mostly 
made up of hydro and thermal power plants) is not explicitly depicted, but it is represented as a generic power 
grid, with an electricity source as component. Emphasis is indeed given to non-sectorial renewable energy 
sources, meaning those sources that are not exclusively dedicated to a single end-use sector. The first 
example is represented by PV at utility scale on dedicated surfaces and floating on quarry lakes. For biogas 
and biomethane, the study considers only the potential related to livestock residues and biodegradable 
municipal wastes. Ligneous biomass is considered in two different ways: sustainable local biomass and 
generic imported biomass. 

With the resulting model, tailored analyses on resources’ availability and on final demands of different energy 
carriers are then possible, by enabling policymakers to define ad-hoc policies, well suited for the local areas 
and in this way to adopt and apply on the territory national/international decarbonization strategies. 

3. Input data 
In this section the definition of a baseline configuration is presented in parallel with the construction of 
alternative options as sensitivity analysis. The optimal configuration of the system is defined throughout a 
range of emission reduction targets. This allows to test the optimal configuration in the neighbourhood of the 
decarbonization targets proposed by EU FF55 package (i.e., -44% vs. 2005, with total allowed emission equal 
to 43,5 Mt). 
A 2030 baseline case is defined starting from a GHG emission-unconstrained energy system, a configuration 
to evaluate a pure economic optimization, to the minimum emission target allowed by given boundary 
conditions (e.g., resources’ availability). In Table 1 the main input parameters are presented. 

Table 1.  Main input data for the baseline case (on the left) and for the sensitivity analyses (on the right); 
note that for each sensitivity analysis only the modified parameters with respect to baseline case are 

reported [source: elaborations from the authors]. 

   Baseline case 
Modified parameters compared to baseline 
configuration 

   
Medium 
commodity 
price 

Low 
commodity 
price 

High 
commodity 
price 

Very high 
commodity 
price 

       

Natural gas  [€/MWh] 95 60 137 179 

Electricity 

Cost for 
end-
users 

[€/MWh] 280 160 460 640 

Price 
sold to 
the 
market 

[€/MWh] 140 30 250 386 

   
Minimum PV 
utility scale 
availability 

Medium PV 
availability 

High PV 
availability 

Maximum PV 
availability 

Installation 
capacity 
potential 

PV total [GWe] 11,79 13,3 14,8 16,3 

of which 
PV utility 
scale 

[GWe] 1,64 3,14 4,64 6,14 

   
Maximum 
biomethane 
availability 

Medium 
biomethane 
availability 

Low 
biomethane 
availability 

Minimum 
biomethane 
availability 

Biomethane 
annual 
availability 

 [TWh] 11,5 9,7 7,8 6 

PV total includes rooftop installation potential in civil sector, industry and utility scale plants (ground and 
rooftop based). 



In baseline case for PV utility scale only unused lands and coverage of quarry lakes are considered [source: 
elaboration of the authors on RSE [6]]; in sensitivity analysis, the potential of PV rooftop installation on public 
parking is added. Commodity prices are estimated from historical data (from 2013 to the first half of 2022); 
the configuration with very high commodity price considers the most recent period (first half of 2022); 
electricity values represent cost for end-users (first row), and the price of quantities sold to the power market 
(second row) [source: Italian Authority for the regulation of the energy, grid and the environment ARERA 
[7]] 

 

For each configuration, the energy system is analyzed at different limits of emissions, each of which is 
independent from the others. The tool allows to identify the optimal distribution of cost effort (namely the 
required investments to reduce GHG emissions) between sectors. It returns an optimal configuration mix under 
specific assumptions, which are strongly related to the estimated evolution of parameters. Each sensitivity 
analysis presented below focuses on a specific topic. The structure and the assumptions of the energy system 
are the same of the baseline case, except for the boundary condition that is object of the analysis. 

A first sensitivity study is driven on prices of electricity from power grid and natural gas. A second level of 
sensitivity concerns the availability of resources. Being wind power generation out of the scope (i.e., no 
potential is identified within the region) and being the installation of distributed PV plants difficult to be controlled 
by regional authorities, PV utility scale plants is selected. In the baseline case, a potential of 1,64 GW of new 
installation capacity is estimated for the utility scale PV, by considering available unused lands destined to 
regeneration and a potential surface coverage of quarry lakes. In the sensitivity analysis the role of potential 
PV installations on covertures of large size public parking is considered. Through the information provided by 
OpenStreetMap [8] and QGIS platform [9], open-source geographic database and geospatial data visualization 
tools, the available surface suitable for rooftop PV installations is estimated. Only parking spaces with a 
minimum surface area are considered and with assumptions on the eligible surface area to PV installation 
(e.g., lanes to manoeuvre might not be covered by rooftops) and on the share of total parking suitable for 
photovoltaics installation (e.g., in short-term large rooftop PV installation is more likely to occur on larger 
surface areas), a PV utility scale additional potential of about 4,5 GWe is obtained. 

Finally, some considerations can be made on biomethane. Being gas still an important energy carrier in base-
case scenario (for example in civil sector, with a significant role in supplying heating systems), the switch from 
fossil-based gas to bio-based one is strongly promoted. Biomethane from biodegradable municipal waste and 
especially from livestock residues might be more difficult to be developed. A sensitivity analysis has then been 
conducted to evaluate lower potential, with a reduction of almost 48% in the worst case. 

4. Results 
This section returns and compare the main results, with an overview of the energy system first, and then by 
deepening the system total cost. In particular it presents the main comparison between present time, baseline 
case and the tested sensitivity analyses. Figure 2 shows the final consumptions, comparing the FF55 emission 
limit configuration (i.e., 43,5 Mt CO2-eq) in 2030 vs. present time. The chart returns for every tested scenario 
an overall reduction in final consumption. Energy efficiency and the switch to less emitting technologies are 
the main drivers to pursue decarbonization targets. 

 



 

Figure. 2. Final consumption by energy carriers in different scenarios; v-low = very low; v-high = very high 
[source: elaborations from the authors]. 

For the baseline configuration a cumulative consumptions reduction of about 17% compared to present time 
can be observed. The most important contraction occurs in fossil natural gas consumption (-40%), thanks to 
the introduction of biomethane and to the electrification of different end-use sectors (+20%), such as space 
heating in the civil sector. The latter is interested by a strong consumption reduction through extended building 
refurbishments (up to 2% of the buildings/year, i.e., the maximum allowed), coupled with a strong electrification 
of the heat sector and the construction of district heating networks. Gas boilers keep playing an important role, 
with however a remarkable substitution with newer systems. The overall effect is a GHG emissions reduction 
of about 50% in civil sector, vs. 2005 levels. Regarding transport sector, there is a lower reduction in final 
consumptions (about 10%) between present time and 2030, mainly through the electrification of light road 
transport and the introduction of less carbon intensive solutions. The resulting configuration mix returns a 
reduction of about 35% of CO2-eq emissions in the sector vs. 2005 levels. Industry consumptions are reduced 
of about 18%, mainly thanks to the switch from gas to electricity.  

By focusing on the sensitivity on RES availability, in case of biomethane reduction, an overall reduction of final 
consumption is observed compared to baseline one. Being PV installations, electrification option and building 
refurbishment in civil sector all completely exploited, more efficient options, such as electric heat pumps in DH 
networks or vehicles substitute conventional less efficient options (e.g., gas CHPs, fossil fuel-based vehicles). 
When the focus is on PV availability, the scenarios analyze the case of gradually additional PV capacity 
potential, by introducing new installation on rooftops of public parking. Electricity from PV can be self-
consumed, shared between groups of local end-users (i.e., energy communities) or sold to the market. In every 
scenario the PV overall power generation is always at its maximum (about 11 TWh), although with different 
distributions in end-use sectors. Differences occur in installation of PV utility scale plants. As expected, in PV 
sensitivity scenarios, the increasing PV utility capacity potential is effectively installed, reaching a total PV 
electricity production nearly 15,8 TWh in maximum case. The last sensitivity analysis focuses on the price of 
gas and electricity. In the scenario with low prices the main output is an overall final consumption reduction. 
The lower cost of gas enables a more widespread use of conventional gas boilers in civil sector (both old and 
new models) at the expense of electrification and gas CHPs in DH networks. In the scenarios with high and 
very high commodity prices energy efficiency gains importance (e.g., gas heat pumps in substitution of 
conventional gas boilers). 

To complete the description of the energy system, it might be useful to focus on the cost of the avoided GHG 
emissions, expressed in €/tCO2 avoided. This cost is defined as the ratio between the difference of the system 
total cost and the difference of total GHG emissions. The former is obtained as the sum of the total cost of 
annualized investment plus the operation cost of the target year. In Figure 3 the different trends of the cost of 
avoided GHG emissions are presented, both for biomethane availability (blue lines) and for photovoltaics one 
(green lines). 

 



 

Figure. 3. Comparison of costs for avoided CO2-eq emissions between 2030 baseline scenario (red line, in the 
middle) and sensitivity on biomethane availability (blue lines, on the left) and PV availability (green lines, on 
the right); on X-axis the system total CO2-eq emission levels are reported, in line with Fit-for-55 package (with 
the target of 43,5 Mt); v-low = very low [source: elaborations from the authors]. 

Starting from PV, the graph shows that, at increasing installed PV capacity, it is possible to reach lower total 
system emission levels. The system’s total cost of avoided GHG emissions can be kept at reasonable values 
in more challenging configurations. Similar trends can be observed in the sensitivity analysis of biomethane 
availability. The analysis investigates the effect of a less developed biomethane supply-chain. By reducing its 
availability in the energy system, the minimum emission limit (i.e., the physical limit for the configuration, given 
its boundary conditions) of the system shifts at higher levels. For both PV and biomethane case, the graph 
seems to identify a cost range (around 200-270 €/tCO2-eq avoided) above which getting an additional reduction of 
the system’s emission unit becomes economically not viable. In both sensitivity analyses, at the target of 43,5 
MtCO2-eq, differences between costs are still quite limited, meaning that the configuration is not close to the 
technical limit (at given boundary conditions), except for case of minimum biomethane availability. 

Last sensitivity analysis concerns the different prices of commodities. As expected, the variation of commodity 
costs has an immediate effect on the overall system total cost at every tested GHG system emission level. 
The differences between scenarios widen as the emission limit is reduced. At the target of 43,5 Mt of CO2-eq 
high and very high cost scenarios show an increase of about 97% and 199% compared to base-case levels 
(around 190 €/tCO2-eq avoided), while a reduction of about 32% in minimum cost configuration can be observed. 

5. Conclusion 
The presented work aimed to study a possible optimal energy mix for the Lombardy region at the target year 
2030 and to evaluate the weight of specific input parameters (e.g., resources’ availability, commodity prices) 
on its composition. In a scenario in line with EU Fit-for-55 package, useful consideration emerged for local 
policymakers. The process of decarbonization takes place through a combination of electrification of final 
consumption and improvements thanks to energy efficiency. PV and building refurbishment options are 
exploited in every tested scenario at their maximum. The GHG emission reduction evolution is mainly driven 
by civil sector and transport one (-50% for the former, -35% for the latter compared to 2005 levels). Sensitivity 
analyses were conducted to evaluate the role of (i) commodity prices, (ii) PV potential installation capacity and 
(iii) biomethane availability. 

Regarding the cost of electricity from the power grid and of natural gas, in high-cost scenarios energy efficiency 
gains importance and enables the introduction of technology options that would otherwise remain excluded by 
the market (e.g., gas heat pumps in civil sector). Sensitivity analyses on biomethane and PV utility scale seem 
to suggest the existence of a range of system’s total cost of avoided GHG emissions around 210-270 €/tCO2-
eq avoided, above which the further emission reduction would become economically unviable (at given 
boundary conditions). The increase (or the decrease) of RES availability shifts at lower (or higher) minimum 
GHG emission levels the energy configuration mix.  



The main advantages of the developed tool are its replicability and its suitability to evaluate different energy 
systems, with a free level of customization on technological and spatial level. Further development might 
couple the results of the tool with frameworks with higher time-resolution, for example to better evaluate infra-
day or day/night fluctuations both in demand and supply. 

Nomenclature 
CHP Combined Heat and Power plant 

DH District Heating 

ETS Emission Trading System 

EU  European Union 

FF55 Fit-For-55 package 

GHG Greenhouse gas 

PV  Photovoltaics 
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Abstract: 

The production of oil and gas in offshore units (FPSO) requires that all utilities (electricity, mechanical drive, 
hot fluids for heating and cooling water) must be available in the amount necessary at each operating condition. 
Lack or surplus of utilities are not allowed. Every production equipment is always sized for the highest demand 
condition, and then it operates at partial loads most of the time. The entire production of electricity, mechanical 
power and heating fluids depends on the fuel available in the FPSO – the natural gas produced with oil. 
Therefore, a typical FPSO has a strong carbon footprint associated with burning fuel. Carbon sequestration in 
an FPSO is facilitated by the possibility of re-injecting CO2 into the reservoir, contributing to oil recovery. This 
work analyzes two possibilities for reducing the carbon footprint in a typical Brazilian FPSO: a) the use of a 
combined cycle for electrical generation, reducing fuel consumption and consequently the carbon footprint and 
b) the association of an amine absorption system to capture CO2 from gas turbine exhaust gases. The analysis 
is performed for different oil and gas production conditions, and all systems are analyzed operating at partial 
loads. The combined cycle alone is capable of reducing CO2 emissions by up to 20%. The CO2 capture system, 
together with the combined cycle, achieves impressive results, with a reduction in CO2 emissions of around 
50% during the entire life of the platform. Problems of space and weight of the equipment are also discussed 
in the work. 

Keywords: 

Offshore oil and gas production; FPSO; Carbon capture and storage - CCS; Exergy, CO2 footprint reduction. 

1. Introduction 
Due to environmental concerns, there is a need to decrease the carbon footprint in every energy-intensive 
industrial operations. In many cases, the use of renewable energy is possible. However, the production of oil 
and gas in offshore units (FPSO) far from coast and in deep waters requires utilities such as electric power, 
mechanical power and hot fluids for heating processes that depend on the use of fossil fuels, especially natural 
gas. If the fuel is fossil, the CO2 emissions can be reduce by two strategies: increasing the power efficiency in 
the processes, and/or by carbon sequestration. The electric power and process heat needs in a FPSO are 
huge. It is usual to adopt waste heat recovery from exhaust gases to supply hot fluid utilities - that is, 
cogeneration.  

The prime movers to electric generators usually are gas turbines. To increase the low efficiency of gas turbines 
it is common the adoption of combined cycles. This is largely adopted in electric power generation onshore 
and is a mature technology. However, the available space and allowed weight in a FPSO is a challenge to 
adopt this technology.  Nord et al [1] presented studies for the installation of combined cycle in offshore oil 
platforms in the North Sea. Again, Nord et al [2] made an optimization of the combined cycle under restrictions 
of power and weight for offshore oil production. Vidoza et al [3] explored the concept of “Power Island” to 
produce electricity to various FPSO’s simultaneously, using different combinations of combined cycle groups 
in a dedicated platform (the “power island”). All results described above showed the direct link of the fuel 
consumption (efficiency of the system) and the reduction in CO2 emissions. 

The other way to reduce CO2 emissions is the Carbon Capture and Storage (CCS). The IPCC presented a 
special report [4] dealing with this option and discussing the technologies to obtain this desired effect, as an 
option in the portfolio of mitigation actions to stabilize GHG concentrations in the atmosphere. CCS presents 
two challenges: the transportation from the carbon capture location to the final destination, and the geological 
stability of the storage location. Offshore oil fields can be interesting to store CO2, since the injection of CO2 
is one of the EOR (enhanced oil recovery) technologies, and the geological structures associated to oil fields 
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are stable. Risks and costs associated with CO2 transportation are avoided if the capture is made in the FPSO. 
Some studies [5-6] present strategies to capture CO2 in offshore oil production. 

Leung et al [7] presented a review on the different technologies and paths to CCS. For post-combustion 
separation, the CO2 concentration in the gas mixture is a strong factor to induce the choice of a suitable 
separation process. Songolzadeh et al [8] indicate that cryogenic distillation and membrane processes are 
efficient for gas streams with high CO2 concentration. However, absorption processes may be the best choice 
for CO2 separation in flue gases, since the gas stream have high temperature, low pressure and low CO2 
concentrations.   

Petrakopoulou [9] analyzed eight power plant concepts using CO2 capture technologies, both before and after 
the combustion, which are assessed based on efficiency, economic feasibility and environmental footprint. In 
the same direction, Madejski et al [10] discusses the CCS technologies and points to the oxyfuel combustion 
method as a promising solution due to its smaller energy penalty. However, this is not yet a proven technology. 

The use of CCS from flue gases for diesel powered ships was proposed by Long et al [11]. An absorption 
process was optimized and the CO2 sequestered must be stored in the ship in liquid phase until its final 
destination. The energy in the flue gases is used to drive the absorption process. Einbu at al [12] presented a 
similar study, but destined for future liquid CO2 ships (transport phase of CCS). 

The combination of combined cycle with CCS is being studied as a solution to reduce the carbon footprint in 
offshore oil and gas production. Øi et al [13] presented a study to optimize costs and weight for an absorption 
process in offshore operations. They suggest the dimensions for the system, as well as the design capture 
efficiency, fixed in 87%. Nord et al [14] also presented a study for a specific oil field in the North Sea. They 
defined a design capture efficiency of 90%, using MEA absorption process. Dimensions and weight of the 
system are also presented. 

New separation methods are being proposed. The study of Hammera et al [15] describes the use of supersonic 
separation process to reduce the carbon footprint from gas turbines. A supersonic nozzle causes an expansion 
of the gases, and the temperature falls below the solidification point of CO2, which is then separated from the 
gaseous stream. However, this method is not yet proven and requires the compression of exhaust gases, 
which is an energy penalty for the process. Liu et al [16] discusses the chemical absorption technology using 
rotating packed bed (RPB) instead of vertical static tower. This technology is also called “supergravity” 
separation, since the mass and energy transfers in the absorption phase are increased as compared with the 
conventional effect of gravity in the absorption tower.  

Sukor et al [17] presents a study dealing with CO2 separation from the natural gas in a Malaysian gas field, 
reducing the CO2 content in the natural gas to acceptable levels. It is important to say that the current Brazilian 
Pre-Salt FPSO’s already processes natural gas currents and injects the CO2 rich current in the oil field. The 
world’s first project to implement offshore CO2-EOR was launched in 2011(in the so-called Lula-pilot oil field) 
and a second one in 2013 (Lula-NE oil field).  

Although various studies presented results for combined cycle and CCS in offshore oil production, they are 
centered in the design and optimization of these systems. The design conditions must deal with the maximum 
electric power and maximum process heat. For absorption systems (CCS), with the maximum gas flow. 
However, most part of the time the FPSO operates at partial loads. Ortiz et al [6] presented a study dealing 
with partial load for the system, following the oil and gas production curve along the time, for a Brazilian oil 
field. 

In this paper, the work of Ortiz et al [6] is revisited, with important changes in the FPSO configuration. One gas 
turbine acting as a mechanical prime mover is eliminated from the system, increasing the electrical power 
need, reducing CO2 emission and liberating space for the steam turbine. This allows for a better combined 
cycle efficiency.  A MEA absorption system can also be incorporated. Part of the steam generated in the HRSG 
is used as energy source for the separation process. The CO2 stream coming from exhaust gases is injected 
in the oil field with the CO2 stream coming from natural gas separation. This work presents the performance 
of the system in partial loads, according to the oil and gas production curve. It is important to note that the 
system to inject CO2 in the oil field is standard for Pre-Salt FPSO’s. The changes made in the FPSO processes 
and the analyzed system are described in the Section 3. 

2. The FPSO characterization and production curve 
The FPSO design adopted for Pre-Salt oil fields is almost standardized. The maximum capacity is 150,000 
bpd of crude oil separation. The associated gas is treated until a maximum capacity of 6 MMm3/day. The FPSO 
has a capacity to store 1.67 MMb - near 10 days of production. A tanker ship is sent to FPSO each week to 
bring the oil to onshore refineries. In some cases, the natural gas, after a rough treatment, is delivered to shore 
by gas ducts.  
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Figure 1. Topside processes in a typical Pre-Salt FPSO. Source: Ortiz et al. [18] 

Due to the characteristics of the natural gas obtained, a membrane separation system is adopted to remove 
excess CO2 from the natural gas, and the CO2 rich stream is injected in the oil field. There is also compression 
systems to deliver the gas to the shore by gas ducts, and to inject natural gas or CO2 rich streams in the oil 
field. Figure 1 shows schematically the FPSO topside processes. The electric power generation adopts three 
gas turbines, and another gas turbine acts as a mechanical driver for the CO2 stream compression (subsystem 
9 in the Fig.1). The exhaust gases from gas turbines generates pressurized hot water in closed circuit, which 
is the heat utility in the separation process. It is important to say that the FPSO already presents CO2 capture 
(from natural gas). The compression equipment is present and CO2 injection in the oil field is already made. 

The oil and gas production of a FPSO is not constant. A typical production curve is presented in the Fig.2. The 
lifetime of an oil field is in the order of 25 years, and the FPSO is designed to stay anchored all this time. The 
topside processes are also designed for the entire production period. Therefore, the subsystems in the topside 
operate almost all the time in partial load, since they were designed for the critical condition for each one. 

 

Figure 2. Typical crude oil production curve. Source: Ortiz et al [6] 
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Table 1. Operating points of the FPSO analyzed in this work. Source: Ortiz et al. [6] 

Operating 
point 

Oil production year Electricity demand     
[kW] 

Platform electric load        
[77MW max.] 

Hot water demand      
[kg/s] 

1 Year 2 72120 93,7 431.1 
2 Year 12 73140 95,0 413.7 
3 Year 15 70650 91,8 390.2 
4 Year 18 48960 63,6 307.2 
5 Year 21 46020 59,8 268.7 

 

Table 1 indicates some important points in the oil production curve. The first condition is when the maximum 
oil and gas production is reached, in the second year of operation. Point 2 presents the maximum liquid 
capacity. Point 3 indicates a decreasing oil production in the year 15. Point 4 is related to the 50% BWS (basic 
sediment and water) and point 5 to the condition of maximum BSW. The values were obtained from a 
comprehensive FPSO operation simulation for each operation point presented in [6]. 

3. Alternatives to reduce CO2 footprint from exhaust gases 
This paper proposes modifications in the FPSO subsystems to reduce the CO2 footprint: a) eliminating the 
mechanical drive gas turbine, substituting it by electric motors; b) introducing a HRSG before the hot water 
heaters; c) to adopt a steam turbine working in combined cycle; and d) introducing a MEA absorption system 
to capture CO2 from flue gases. Captured CO2 is sent to the already present CO2 injection system. 

The elimination of the mechanical drive gas turbine liberates space to the steam turbine installation and 
increases the electricity demand. However, the combined cycle can generate this additional demand with 
greater efficiency. The combined cycle is not designed to maximum power production, since there is no 
demand for extra power, and the hot water needs must be preserved. Part of the steam is diverted to water 
heaters, complementing the hot water heaters driven by exhaust gases coming from HRSG. When a CO2 
absorption system is added, more steam is diverted from steam turbine to drive this process. Figure 3 shows 
the proposed modifications. 

 

 

Figure 3. Proposed modifications in the FPSO topside processes. Source: Ortiz [6] modified. 
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4. Methodology of analysis 
The methodology used was based on the mass and energy balances for each equipment or FPSO subsystem 
and for the process as a whole.  

All equipment operate in partial loads, as mentioned before. So, for pumps and gas compressors, the 
performance curves were parameterized as a function of its load whenever available.  Typical adimensional 
curves were adopted when true performance curves were not known.  

Power from gas turbines were modeled first in Thermoflex® software to determine the fuel consumption, 
exhaust gas temperature and compositions, and energy efficiency as a function of load. This is possible since 
this software package has the gas turbines performance in the databank (GE-LM2500 for power generation, 
GE-LM2000 for mechanical drive). An adequate steam turbine was chosen to the steam cycle. Its isentropic 
efficiency was parameterized as a function of steam mass flow.  

The whole processing and utilities subsystems were modeled in Aspen Hysys® software for complete 
properties and performance calculation. The HRSG and all other heat transfer equipment were modeled 
adopting the (ε - NTU) method for conditions off-design. 

The CCS technology to reduce the CO2 emissions from flue gases was simulated with Monoethanolamine 
(MEA) package, with a capture efficiency of 85%.  The chemical absorption unit was modeled using the 
thermodynamic package Acid Gas module in Aspen Hysys software. This subsystem was installed 
downstream of the cogeneration heat exchangers for hot water. A compression stage for the separated CO2, 
which raises the pressure from the atmospheric level to 4 bar, was also introduced since this is the suction 
pressure of the associated CO2 booster compressor. 

The total CO2 emissions from flue gases were determined for five FPSO operating points and for three 
configurations: a) base case - the FPSO as it is today; b) removing the mechanical drive gas turbine and 
adopting a combined cycle; and c) the combined cycle with CCS as described above. In this way, it was 
possible to compare the base case with the effect of a combined cycle, and the effect of a combined cycle with 
CCS on the CO2 emissions.  

4.1. Steam cycle characteristics 

The combined cycle is composed by the three gas turbines adopted to generate electric power (GE-LM2500), 
each with its own HRSG and a single steam turbine. The vertical HRSG has one pressure level for steam 
generation, due to weight and area restrictions. Table 2 presents the design values for the HRSG. After passing 
the HRSG the flue gases passes through the hot water heaters. The steam turbine is an extraction-
condensation with controlled extraction at 4 bar and condensation at 0.07 bar. 

 

Table 2. HRSG design characteristics 

Steam pressure [bar] 38.5 

Steam temperature [oC] 480 

Pinch point temperature difference [oC] 25 

Approach temperature [oC] 5 

Pressure loss gas side [kPa] 3.5 

 

4.2. Absorption system characteristics 

The modeled absorption system is presented in the Fig.4. This is a typical MEA absorption system. In the 
model developed, some simplifications were assumed: the water wash in the absorber and the reclaimer part 
in the bottom of the stripper were eliminated. The solvent was assumed to stay inside the system, and do not 
need substitution. As mentioned before, the CO2 flow exiting the absorption module are at atmospheric 
pressure and needs to be compressed to 4 bar. This compressor is not present in the Fig.4, but its power 
needs were considered in the complete simulation. 

The design point for the CO2 absorption system resulted in a preliminary size as given in the Table 3. It is 
important to mention that the absorber and the stripper columns are vertical, and the floor area is calculated. 
The columns are of the type with plates and barriers. Other geometries can be attempted to reduce weight and 
size. 
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Figure 4. MEA absorption process characteristics. Source: IPCC [2005] 

 

Table 3. Preliminary design for the MEA absorption system. 

Dimensions Absorption tower Stripper tower 

Diameter  [m] 6.0 3.1 
Height [m] 29.0 7.3 

Number of plates 24 11 
Plate spacing [m] 1.2 0.9 
Barrier height  [m] 0.18 0.14 
Floor area  [m2] 28.3 7.3 

 

Øi et al [13] suggested conditions for an offshore application with 87 % capture efficiency, with 13 m absorber 
packing height (plus distribution and collecting height) and 15°C minimum approach temperature due to a 
decrease in equipment cost, size and weight. Nord [14] presents a design with a diameter of 13.6 m and 
packing height of 18.6 m for the absorber (plus distribution and collecting height). For the stripper, 3 m diameter 
and 7 m packing height.   

4.3. Definition of efficiency calculation 

In the next section are presented the obtained values for different efficiencies types. This section presents the 
definition adopted for each one of them. 

Equation (1) presents the definition of electric power generation efficiency: 

ηelect =
Ẇelect

ṁfuelLHV
                                                                                                                                                               (1) 

The cogeneration system can be evaluated by a first-Law efficiency, taking into account each useful energy 
flow produced in each configuration as presented in the Eq. (2). In the base case, for example, there is 
mechanical power produced, but no reboiler heat. In the CC and CC+CCS configurations, there is no 
mechanical power produced. It is important to observe that the hot water heat is the same for each FPSO 
operating point, for every configuration. 

ηcogen =
Ẇelect+Ẇmech+Q̇hot water+Q̇reboiler

ṁfuel LHV
                                                                                                                       (2) 

The definition for the second Law efficiency is shown in the Eq. (3) and is similar to the first-Law, but dealing 
with exergy flows, instead of energy flows:  

εcogen =
Ẇelect+Ẇmech+Ḃhot water+Ḃreboiler

ṁfuel bfuel
ch                                                                                                                         (3) 

The same observations made for the first Law efficiency applies in Eq. (3). 

 

 

Flue gas 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

 

5. Results and discussion 
The results obtained for each FPSO configuration are discussed in this section. Comparisons among the 
configuration are also presented. 

 
5.1. The base case results - current FPSO configuration 

The results for the base case are presented in the Table 4. The conditions 1 to 5 are those already defined in 
the Table 1. All electrical and mechanical power, as well as the hot water generation are those strictly 
necessary to the FPSO operation. The CO2 compressor (CO2 from natural gas processing) uses a gas turbine 
as prime mover. The total CO2 emission from all exhaust gases is the main parameter for comparison 
purposes.  

Table 4. FPSO power generation and CO2 emission in the base case configuration.  

Parameters 
FPSO operation condition  

1 2 3 4 5 

Number of gas turbines (GT) for electricity power 3 3 3 2 2 

GT Electrical power produced  [MW] 72.12 73.14 70.65 48.96 46.02 

GT - electrical power - load [%]  93.7 95.0 91.8 95.4 89.6 

Electric power efficiency (LHV based) [%] 36.82 35.77 35.51 36.06 35.56 

Number of gas turbines for mechanical power 1 1 1 1 1 

GT mechanical power - for CO2 compressor [MW] 12.21 15.15 14.22 7.00 6.87 

GT mech. power load [%]  76.3 94.7 88.9 46.6 42.9 

Total fuel consumption - all GT   [kg/s] 5.03 5.50 5.41 3.43 3.30 

Total CO2 emission - all GT  [Mt/year] 0.432 0.471 0.462 0.293 0.280 

 

The electric power produced for each operation condition are the same as present in the Table 1 and were 
obtained from a detailed mass and energy balance for the topside processes and general electric loads 
(illumination, air conditioning, etc.). To compress the CO2-rich stream separated from the natural gas, a 
dedicated gas turbine is employed and the mechanical power needed can be seen in the Table 4. The total 
fuel consumption is the sum of the needs of electric power gas turbines and the needs for the mechanical drive 
turbine. The total CO2 emission is calculated from the total fuel consumption.  

 

5.2. Combined cycle configuration results 

The first approach to reduce the CO2 footprint from the prime movers is the elimination of the mechanical 
power gas turbine, substituted by a steam turbine operating in Combined Cycle configuration with the gas 
turbines. Oil and gas production are maintained at operation conditions 1 to 5, as in the base case. The hot 
water need for heating purposes is also verified.  

Figure 5 shows the temperature profiles for exhaust gases and the steam generator for operational condition 
3, which produces the maximum amount of steam. It must be observed that the combined cycle was not 
optimized to maximize power, because the exhaust gas (still very hot) must provide the energy to produce the 
process hot water. 

Table 5 shows the results for the combined cycle configuration. The elimination of the mechanical power gas 
turbine increased the electricity needs, but the combined cycle presents higher efficiency for power generation. 
The net effect is a reduction in the total CO2 emission. In the operation conditions 4 and 5, the electric power 
is substantially reduced and one gas turbine must be deactivated. This reduces the steam mass flow for the 
combined cycle. The steam needs to water heaters contributes to reduce the power from the steam turbine, 
and the reduction in the CO2 emissions are low. 
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Figure 5. Temperature profiles in the HRSG. Operational condition 3 

 

Table 5.  FPSO power generation and CO2 emission in the Combined Cycle configuration. 

Parameters 
FPSO operation condition 

1 2 3 4 5 

Number of gas turbines (GT) for electricity power 3 3 3 2 2 

GT Electrical power produced  [MW] 68.47 72.32 69.70 49.85 45.79 

GT - electrical power - load [%] 84.15 89.00 85.70 92.08 84.41 

Steam turbine    [MW] 15.87 17.05 17.27 6.17 7.15 

Electric power efficiency (LHV based) [%] 45.82 46.54 46.62 42.61 43.04 

Total fuel consumption - all GT   [kg/s] 4.04 4.23 4.12 2.90 2.73 

Electric power for CO2 compression  [MW] 12.21 15.15 14.22 7.00 6.87 

Total CO2 emission - all GT  [Mt/year] 0.347 0.362 0.352 0.248 0.231 

 

5.3. Combined cycle with exhaust gas CCS 

To reduce even more the exhaust gases CO2 footprint, a third configuration was analyzed: a Combined Cycle 
with CCS. In this configuration, there is a carbon capture from the exhaust gases by a MEA system, with 
efficiency in the range 0.75 to 0.80.  

The CO2 separated from the exhaust gases and the CO2 stream coming from the natural gas treatment are 
both re-injected in the oil field, after mixing and compression to adequate pressure. Table 6 presents the 
results.   

Although the electricity production efficiency is reduced, the total CO2 emission drops sharply, due to the 
sequestration of the CO2 from exhaust gases. The electric power need for CO2 compressors increases, due 
to the increased mass flow in the CO2 compressors. To operate the separation, there is also a thermal energy 
utilization in the reboiler of the stripper, to liberate the CO2 from the rich amine solution. 

It is interesting to note that the steam turbine power must be derated when compared with the Combined Cycle 
configuration, since part of the steam flow must be diverted to supply the heat for the sequestration process. 
Øi et al [13] estimates the heat consumption to be approximately 5.5 MJ/kg CO2 removed. Nord et al [14] 
evaluated the specific reboiler duty for the process to be 3.6 MJ/kg CO2. Obtained values in this work are of 
the same order of magnitude. 
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Table 6. FPSO power generation and CO2 emission in the Combined Cycle with carbon capture and 

sequestration (CCS) configuration.  

Parameters  
FPSO operation condition 

1 2 3 4 5 

Number of gas turbines (GT) for electricity power 3 3 3 2 2 

GT Electrical power produced  [MW] 79.65 80.68 79.56 52.72 48.75 

GT - electrical power - load [%]  98.21 99.50 98.10 97.50 90.00 

Steam turbine    [MW] 9.13 11.26 10.16 3.88 5.07 

Electric power efficiency (LHV based) [%] 42.80 43.86 43.30 41.37 41.54 

Total fuel consumption - all GT   [kg/s] 4.55 4.61 4.58 3.02 2.86 

Electric power for CO2 compression  [MW] 16.05 17.86 18.35 7.36 7.30 

Thermal energy in the CCS / CO2 captured [MJ/kg] 4.198 3.917 4.155 3.918 3.891 

Total CO2 emission - all GT  [Mt/year] 0.185 0.216 0.183 0.209 0.184 

Total CO2 captured by CCS system  [Mt/year] 0.206 0.179 0.208 0.049 0.059 

CCS system CO2 capture efficiency   [%] 77.59 73.12 76.08 79.21 76.88 

 

5.4. Configurations comparisons 

Figure 6 shows the electric power generation efficiency for each configuration, for the different operation 
conditions of the FPSO. The reduction of the efficiency observed for the CC+CCS configuration is due to the 
power derating of the steam turbine. The values obtained to CC and CC+CCS are far below traditional 
combined cycles designed to exclusive power generation because part of the exhaust gas energy must be 
allocated to generate hot water for FPSO processes, which is a priority.  

The Figure 7 presents the first and second-Law efficiencies for each configuration and as a function of the 
year of FPSO operational phase for the cogeneration system. As usual, first-Law efficiencies are higher than 
second-Law ones when the driving force is a fuel. Apart from this, the exergy of a heat flow is smaller than the 
energy flow. It is interesting to note that the higher efficiencies occur for the CC configuration. When a CCS 
system is adopted, there is a need of extra power to compress the separated CO2, and the cogeneration 
efficiency decreases. 

 

 

Figure 6. Electric power generation efficiency (LHV based) for different FPSO operation conditions. 
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Figure 7. Efficiencies for the three configurations. 

 

The reduction in the CO2 emissions can be seen in the Fig.8. The reduction in the emissions are greater for 
the conditions which uses three gas turbines. With only two gas turbines operating, the derating of the steam  
turbine is high due to less available steam flow and hot water needs, and the benefits are not so evident. 
Fortunately, condition 4 occurs after 18 years of operation of the FPSO and condition 5 occurs after 21 years, 
near the end of the oil field lifespan. 

 

Figure 8.  CO2 emissions for different FPSO operating conditions  

To make a comprehensive view of the CO2 footprint reduction, Table 7 presents the CO2 emission reduction 
as a percentage of the base case. The last column is the weighted average reduction for the analyzed period, 
considering the 21 years. Is to be noted that till the operation year 18, the reduction in the CO2 emission is 
higher than 20% for the Combined Cycle configuration (CC) and higher than 50% for the Combined Cycle with 
CCS configuration (CC+CCS). 

    

Table 7. CO2 emission percentual reduction compared to Base Case 

Configurations 
FPSO operation condition  

1 2 3 4 5 Average 

CC to Base case 19,6% 23,1% 23,8% 15,3% 17,3% 21,6% 

CC+CCS to Base case 57,2% 54,1% 60,5% 28,6% 34,3% 50,1% 
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Both alternative configurations presents interesting results. With the Combined Cycle configuration, the CO2 
footprint from exhaust gases is reduced by 20%, while the Combined Cycle with CCS reduced the CO2 
emission by 50%. Only near the end of the FPSO lifetime the reduction is smaller, due the fact that only two 
gas turbines are operating and the hot water for FPSO processes does not reduces proportionally.  

 

6. Concluding remarks 
The results obtained in this work are of a prospective nature for new FPSO’s, showing the order of magnitude 
of attainable CO2 footprint reductions. The proposed changes are not feasible for the operating FPSO. 

The combined cycle configuration was not optimized for maximum power production, since electric power 
surplus is not allowed. In the same sense, the combined cycle is not optimized for maximum efficiency, since 
a compact system with a weight as low as possible is desirable. Apart from this, the need of hot water as an 
utility to the processes in the FPSO also puts a limitation to the maximum efficiency. Even with these limitations, 
a combined cycle proved to obtain 20% reductions in the CO2 emissions. 

The configuration with a combined cycle with Carbon Capture and Storage from flue gases can obtain near 
50% CO2 emissions reduction - an impressive figure. The proposed absorption system is a proven technology. 
The evaluation of the rotating packing bed (RPB) technology, instead of the usual gravitational packing bed, 
must offer a better weight and space solution for absorption systems. Other technologies, especially in the 
family of oxi-fuel combustion, may present even better results, provided they become mature.   

Whatever the solution chosen, the topside processes in the new FPSO designs must be optimized for weight 
and size to accommodate the new subsystems. 

 

Nomenclature 
 Variables  Acronyms and abbreviations 

�̇� Exergy flow  [kW] BSW Basic sediment and water 

b Specific exergy  [kJ/kg] bpd Barrels per day 
�̇� Mass flow     [kg/s] CC Combined-cycle configuration 

�̇� Heat flow      [kW] CC+CCS CC with Carbon Capture and Sequestration 

�̇� Power           [kW] EOR Enhanced oil recovery technology 

LHV Lower heating value [kJ/kg] FPSO Floating production storage and offloading facility 
  HRSG Heat Recovery Steam Generator 
η First-Law efficiency MMb Millions of barrels 
ε Second-Law efficiency ε - NTU Method to evaluate partial load in heat exchangers 

    
 Subscripts   Superscripts 

elect Electric ch Chemical 
mech Mechanical   

hot water Hot water for processes   
reboiler Steam to drive the stripper    

fuel Natural gas used as fuel   
cogen Cogeneration system   
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Abstract: 

Reducing the environmental impact of anthropic activities is critical and requires a proper analysis of CO2 
emissions. This study focuses on the thermal energy sector's emissions carbon footprint, which is essential 
for many public and private institutions. The current practice of using average national and annual emission 
factors (EFs) may lead to inaccurate results on specific local entities, particularly in the case of combined 
heat and power production. This study aims to refine the EF calculation considering a combined cycle 
cogeneration plant and an hourly time step for the analysis. The case study chosen is the district heating 
system (DHS) cogeneration plants of Turin, one of the largest DHSs in Europe. The defined thermal EF is 
applied to the user case study of Politecnico di Torino supplied by the DHS. The study focuses on the 
thermal energy needs of the university campus on an hourly and seasonal scale. The results reveal that the 
emission factor of a DHS calculated with this methodology is different from the one calculated with other 
methodologies or using national EFs, better representing the real situation. Since the load profile of a 
university facility represents tertiary sector energy activities, the methodology used in this study is easily 
replicable in different contexts. This study emphasizes the importance of accurately estimating CO2 
emissions, which is fundamental in reducing the anthropic environmental impact.  

Keywords: 

Emission factors, sustainable university, decarbonization, district heating system, combined cycle.  
 

2. Introduction 
Anthropic activities have a significant environmental impact and reducing carbon dioxide (CO2) emissions is 
essential for mitigating climate change. In recent times, there has been an increasingly crucial need for 
institutions to address their emissions. In this regard, universities play a pivotal role, by reducing their carbon 
footprint they can contribute to their own sustainability and promote environmental awareness in other 
sectors. Quantifying carbon emissions is essential to measure progress towards decarbonization goals and 
one effective way to track progress is using ranking systems such as Green Metric [1]. Many non-
governmental actors have joined the Race to Zero campaign, promoted by the United Nations, which 
encourages the achievement of decarbonization targets aiming to strive for carbon neutrality by the mid-
century [2]. The energy sector is the most impactful sector in terms of carbon footprint and emissions [3]; in 
the European Union (EU), buildings are responsible for approximately 40% of total energy demand and 
produce 36% of greenhouse gas emissions [4]. Heating, ventilation, and air conditioning play an important 
role in overall energy demand in Europe, making it crucial to accurately measure and define their emissions 
[4]. The European heating and cooling sector are characterized by varying building types and relies primarily 
on decentralized production units within buildings. Natural gas is the predominant fuel, meeting 42% of the 
heating demand. Additionally, District Heating Systems (DHSs) supply 12% of the building sector's demand 
for space heating and domestic hot water [5]. Due to the strong electrification trend in the heating sector, 
recent studies have focused on a more accurate estimation of CO2 emissions of electricity system. 
Specifically, emission factors (EFs) have been evaluated on an hourly basis, focusing on technologies such 
as heat pumps [6]. In parallel, similar studies have investigated the variability of EFs at the national level in 
electricity production. From this latter study, it appears that European Directives fix values of CO2 EFs, 
neglecting their intrinsic temporal variability due to the mix of primary energy sources used in electricity 
generation hour by hour. The use of a fixed value for these parameters could lead to inaccurate or erroneous 
results in various processes [7]. Similar to electricity grids, DHSs are characterized by various types of 
centralized thermal power generation systems, resulting in comparable complexities in defining EFs as with 
electricity. However, there is a gap in the literature concerning the hourly variability of DHS emission factors. 



Additionally, current methodologies used to calculate emissions associated with DHSs do not take into 
consideration the high efficiency of technologies such as Combine Cycle Plants (CHP). Therefore, the goal 
of our study is to investigate the temporal variability of emissions produced by thermal energy consumption 
when a utility is supplied by CHP DHS. The new methodology presented is compered to different method 
currently in use. Specifically, we apply the methodologies presented to the case of the city of Turin's DHS, 
which is the most district-heated city in Italy and one of the main ones in Europe. The hourly EF developed 
with this methodology is then applied to the hourly thermal energy demand profile of the Politecnico di Torino 
providing an example of replicable application on tertiary sector users. As university facilities are 
representative of the energy consumption patterns of the tertiary sector, the methodology used in this study 
can be replicated in other contexts. By demonstrating how the environmental impact of energy consumption 
can be significantly affected by both the energy mix and the time of energy supply, we contribute to a better 
understanding of the challenges and opportunities for reducing carbon emissions associated with energy use 
in university facilities. 

  

3. Methodology 

3.1. Current methodologies for calculating CO2 emissions for cogeneration plants 

3.1.1. Allocation of CO2 emissions in case of cogeneration heat and power combined cycle 

Allocating CO2 emissions in plants that generate both thermal and electrical energy is a complex issue. 
These plants produce heat as a by-product of electricity production, which adds complexity for a correct 
allocation of emissions. In Europe, DHS heavily rely on fossil fuel-based Combined Heat and Power plants 
(CHP), with cogeneration accounting for over 70% of the heat generated by EU member states [8].  Given 
the importance of cogeneration for district heating (DH), it is crucial to develop a methodology that can 
accurately account for the resulting CO2 emissions. 

Typically, DHS that supply large urban areas, are characterized by Combined Cycle CHP plants (CC). This 
type of plant combines two production phases, one based on gas and the other on steam. The high-
temperature exhaust gases from the Gas Turbine (GT) are used to produce steam in a Heat Recovery 
Steam Generator (HRSG), which is then fed into a Steam Turbine (ST) to generate additional electrical 
power. CCs are typically used both in industrial settings that require the production of steam, superheated or 
hot water, and for DHS. They come in various sizes, ranging from 50 to 400 MWe, and offer electric 
efficiencies of approximately 45-58%. DHSs, which utilize combined cycle power plants, typically generate 
80-90% of their annual heat energy production through cogeneration [9]. These plants produce thermal 
energy throughout the heating season but require additional support from backup generators during the 
coldest months and during peak demand hours. Thermal storage systems, which use hot water tanks to 
store excess heat generated during low-demand periods, are typically utilized in DH networks to manage the 
demand and supply of heat efficiently. During peak hours, the stored heat is released to ensure a consistent 
flow of heat to customers. Furthermore, these thermal storage systems can be charged using renewable 
sources if available, or by cogeneration plants. This approach not only reduces energy waste and improves 
the overall efficiency of the system, but also promotes the utilization of renewable energy sources in DH 
networks.  

A simplified diagram illustrating the relationship between fuel input and the resulting output of electricity and 
heat for a typical DHS with a CC unit is shown in Figure 1. The nomenclature used in the figure is used in the 
following sections to explain the various methodologies available in the literature for calculating the DHS 
emission factor. The energy balance shown in the figure is annual. 

 

Figure 1. District heating system, CHP general scheme and relative nomenclature 

 

3.1.2. Eurostat, Ispra and IPCC methodology (Method E) 

The IPCC's Working Group 3, in Annex 2 Metrics and Methodology [10], defines carbon dioxide emission 
factors for electricity and heat based on the ratio between CO2 emissions due to fuel inputs of power plants 



and the delivered electricity and heat. The CO2 emission factors of each fuel type, as defined in IPCC (2006) 
[11], are multiplied by the fuel inputs. The calculation of CO2 emission factors for electricity and heat is 
conducted at the country level. Also the 2020 annual report on emission factors drafted by Ispra1 and Snpa2 
[12] and Eurostat 2016 annual questionnaire report [13] present the same methodology for allocating the fuel 
between the electricity and heat generation components.  

This methodology can be expressed in the following way:  

𝑓𝐷𝐻𝑆,𝐻𝐸
̅̅ ̅̅ ̅̅ ̅̅ ̅ =

𝐹�̿�

𝐻𝑑𝑒𝑙
̿̿ ̿̿ ̿̿ + 𝐸𝐶𝐻𝑃

̿̿ ̿̿ ̿̿
∗ 𝑓𝑖,𝐹 [

𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (1) 

According to the 2020 Ispra annual report, this formula is recommended only when national administrations 
have not adopted a more precise methodology for reporting combined heat and power (CHP) on a unit basis. 
Using this methodology, that we will call method E, the resulting EF is 0.30 kgCO2/kWh. 

3.1.3. UNI EN 15316-4-5:2018 methodology (Method U) 

A different methodology for multi-output DHS is detailed in the regulatory document UNI EN 15316-4-5:2018. 
This approach has been utilized in various publications [14] and has been adopted as a standard 
methodology for creating CO2 emission inventories for Italian universities, members of the Italian sustainable 
development network (RUS3). The formula for this methodology is the following:  

𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ =

(∑ 𝐹�̿�𝑓𝑖,𝐹 − 𝐸𝐶𝐻𝑃
̿̿ ̿̿ ̿̿ 𝑓𝑒𝑙𝑖 )

𝐻𝑑𝑒𝑙
̿̿ ̿̿ ̿̿

 [
𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (2) 

The issue with this approach arises in situations where the production of electrical energy from cogeneration 
systems is very high, resulting in a negative value of the derived emission factor. In case of negative values, 
the regulatory document recommends considering these cases as zero-emitting, underestimating the actual 
emissions from thermal energy consumption.  

3.2. Introducing a new methodology for determining emission factors  

The emission factors determined by current methodologies don’t reflect the actual value that should be 
utilized in a real DHS supplied by CC CHP. Hence, it is necessary to develop a different approach that 
combines both hourly and simplified annual analyses for calculating CO2 emissions in DHS. 

3.2.1. Combined cycle cogeneration heat and power plants for district heating systems  

As explained in section 3.1.1, in CC systems it is possible to recover heat for industrial purposes or DHS use 
from the steam cycle. Steam can be supplied by extracting pass-out steam at an intermediate point in the 
turbine. The rest of the steam continues to the exhaust, thereby generating further power, and exits the 
process at a lower pressure. Therefore, whenever there is a thermal demand and the plant operates in 
cogeneration mode, steam extraction results in less electricity production. A typical operating diagram for 
each plant is shown in Figure 2.  

  

Figure 2. CHP operating diagram partial load. a) real operating diagram: hourly energy production (equation 
of regression lines [15, 16]); b) working point P 
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The y-axis shows the electrical power generated at various nominal loads, while the x-axis represents the 
corresponding heat output. The point 𝑁  represents the working condition at nominal load in electrical 

operation mode. Thermal power is not generated, and electrical power corresponds to the nominal value. By 
working on the 100% load operating characteristic, the heat output increases, and the cogeneration condition 
is reached. Each load has a characteristic regression line whose points are characterized by the same fuel 
inlet power (F). Figure 2a shows the real hourly operation in one year of operation of a CC. A generic 
working point P in cogeneration condition at load 𝑊𝐴% is considered. The point is characterized by a thermal 

power 𝐻 and an electrical power 𝐸𝐵. At the same fuel input power 𝐹𝐴 and considering the electrical operation 
mode, a higher electrical power equal to 𝐸𝐴 would be obtained. The production of thermal energy causes a 
reduction in the amount of electricity produced.  

Δ𝐸 = E𝐴 − E𝐵 [𝑀𝑊] (3) 

The ratio of the two output energies 𝐾 is the cogeneration gain, expressed in the equation (2). 𝐾 is inversely 

proportional to the slope of the loads regression lines and it is approximately constant as leads changes. Δ𝐸  
can consequently be expressed as in equation (5). 

𝐾 =
𝐻

Δ𝐸
= 𝑐𝑜𝑠𝑡 [𝑀𝑊] (4) 

Δ𝐸 =
𝐻

𝐾
 [𝑀𝑊] (5) 

By analyzing the hourly operating experimental data of a few combined-cycle plants, it was possible to 
outline a general trend in energy performance in electric operation mode. Isolating the hourly data in which 
the CC operated in electrical mode and excluding the transient operating values, the real operating data 
were averaged to obtain the percentage trend shown in Figure 3. 

 

Figure 3. Electrical operation mode working performances of a generic CC unit. a) fuel inlet power; b) CC 
electrical efficiency. 

Figure 3a shows the linear dependence of the fuel inlet power with respect to the load of the generated 
electrical power (equation (6)). The characteristic equation of CC electrical efficiency with respect to the 
electrical load variation is obtained.  As shown in figure (b) the points of real operation validate the trend.  

𝐹

𝐹𝑁

= 𝛼
𝐸

𝐸𝑁

+ 𝛽     [𝑀𝑊] (6) 

 

3.2.2. Combined Cycle emission factor 

To determine the hourly emission factor of a generic CC supplying a DHS, we consider a generic operating 
point P (Figure 2b). As explained in the previous section, the generation of thermal energy results in a lower 
amount of electrical power generated Δ𝐸 for the same amount of fuel used. It is possible to allocate Δ𝐸 with 
the additional fuel inlet power Δ𝐹 consumed in cogeneration condition. The same electric power 𝐸𝐵 could in 

fact be obtained by working at a lower load 𝑊𝐵% with less fuel input power 𝐹𝐵. From equation (6)(6)Errore. 

L'origine riferimento non è stata trovata.  𝐹𝐴  and 𝐹𝐵 are defined: 

𝐹𝑃 = 𝐹𝐴 = 𝐹𝑁 (
𝛼𝐸𝐴

𝐸𝑁

+ 𝛽) 

            𝐹𝐵 = 𝐹𝑁 (
𝛼𝐸𝐵

𝐸𝑁

+ 𝛽) 

[𝑀𝑊] 

 

[𝑀𝑊] 

 

The nominal condition N in electrical operation mode at 100% load is characterized by electrical efficiency: 

        𝜂𝑒𝑙,𝑁 = 𝐸𝑁/𝐹𝑁 



Therefore Δ𝐹 is defined: 

        Δ𝐹 = 𝐹𝐴 − 𝐹𝐵 = 𝛼
Δ𝐸

𝐸𝑁

∗ 𝐹𝑁 =
𝛼

𝐾

𝐻

𝜂𝑒𝑙,𝑁

 [𝑀𝑊] (7) 

The additional amount of inlet power required must be multiplied by the fuel EF and normalized to the heat 
output: 

𝑓𝐶𝐶,𝐻 =
ΔF ∗ 𝑓 𝑁𝐺

H
=

α

K
∗

1

𝜂𝑒𝑙,𝑁

∗  𝑓 𝑁𝐺 [
𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (8) 

The remaining amount of fuel inlet power 𝐹𝐵  is attributed to CO2 emission on hourly electrical energy 
generated. It would, in fact, have been equally produced in the case of electric power generation in the 
electrical operation mode. In this case in contrast to the thermal EF, the hourly electric emission factor is not 
constant. It varies following the same trend as the electrical efficiency shown in Figure 3b. 

3.2.3. District heating system emission factor 

DHSs have different layout configurations based on the served volumetrics and climatic zone. These 
configurations can vary based on the type of generator employed, the characteristic size of each generator, 
and the number of generators installed. The various generation groups produce thermal energy with different 
strategies based on thermal demand and economic and environmental dispatching considerations. 
Therefore, the CO2 emissions associated with the use of heat from a DHS depend not only on the type of 
generators involved in the annual production but also on the way they produce thermal energy hourly and 
during different seasons. To correctly assess the DHS thermal EF, it is, therefore, necessary to define the 
amount of thermal energy produced for each generation unit hour by hour. The DHS thermal emission factor 
is the weighted average of each characteristic EF of the fuel and generator used multiplied by the thermal 
energy delivered. To express the emission factor 𝑓𝑖,𝐻 with respect to the energy produced by the generator 

instead of that of the input fuel 𝐹𝑖 as used in methods E and U, we define the relationship between the 
characteristic EF of the fuel and the efficiency of the generator.  

𝑓𝑖,𝐻 =
𝑓𝑖,𝐹

𝜂𝑖

 [
𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (9) 

For DHS in which a part of thermal energy is generated by a natural gas CC unit in combination with other 
types of heat generators, CC thermal emission factor is defined in equation (8). The energy delivered by the 
storage system is associated with the EF of the generator that predominantly charges the storage. Methods 
E and U calculate the DHS emission factor with respect to the energy supplied to the users 𝐻𝑑𝑒𝑙. Therefore, 

the heat loss factor 𝑝% on the distribution network is defined: 

𝑝% = 1 −
𝐻𝑑𝑒𝑙

𝐻
 [%]  

The DHS emission factor expressed as the ratio between the tonnes emitted and the energy delivered to the 
user can be defined as: 

𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
=

𝐻 ∗ 𝑓𝐶𝐶,𝐻 + ∑ 𝐻𝑖 ∗ 𝑓𝑖,𝐻

𝐻𝑑𝑒𝑙

=
𝐻 ∗ 𝑓𝐶𝐶,𝐻 + ∑ 𝐻𝑖 ∗ 𝑓𝑖,𝐻

𝐻𝑔𝑒𝑛(1 − 𝑝%)

= 𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛
∗

1

1 − 𝑝%
 

[
𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (10) 

The definition of heat delivered to the user excluding network losses requires specific discussion. Network 
losses are typically defined as a percentage of the total energy delivered annually. The incidence of losses 
on an hourly basis cannot be considered constant. In the summer period when the thermal demand is low, 
the energy that is produced is mainly dispersed to keep the entire network at temperature. Therefore, 
network losses are very significant, and the EF reaches values much greater than 1. 

The emission factor can be expressed as the sum of the emission factor of losses and the emission factor of 
thermal energy consumptions.  

𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
= 𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛

∗
𝑝%

1 − 𝑝%
+ 𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛

= 𝑓𝐷𝐻𝑆,𝑙𝑜𝑠𝑠𝑒𝑠 + 𝑓𝐷𝐻𝑆,𝑐𝑜𝑛𝑠 [𝑘𝑔𝐶𝑂2
𝑘𝑊ℎ] (11) 

3.2.4. SEA Method  

The application of hourly emission factor outlined in equation (11), can be difficult for a typical user 
connected to the DHS. In fact, the method assumes knowledge of DHS's hourly generators production, DHS 
hourly network losses, and hourly heat demand profile. The hourly load profile of the building may be known 
or calculable from consumption data with daily or monthly steps. On the other hand, system operating data 



may not be public and available. A simplified method (SEA4 method) for calculating emissions is therefore 
proposed. Equation (12) can be adopted by replacing the hourly energy with the energy delivered annually 
by each heat generator. The first term of the emission factor relating to network losses is an annual average 
value. For this reason, in the case of users characterized by winter heat load profile, the value of emitted 
tons of CO2 may not be representative. Therefore, it is appropriate to simplify the expression (equation (13)). 

𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ =

𝐻 ∗ 𝑓𝐶𝐶,𝐻 + ∑ 𝐻𝑖
̿̿ ̿ ∗ 𝑓𝑖,𝐻

𝐻𝑔𝑒𝑛
̿̿ ̿̿ ̿̿ (1 − 𝑝%̿̿̿̿̿)

= 𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ ∗

𝑝%̿̿̿̿̿

1 − 𝑝%̿̿̿̿̿
+ 𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ [
𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (12) 

𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = 𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ ∗ (
1

1 − 𝑝%̿̿̿̿̿
) [

𝑘𝑔𝐶𝑂2

𝑘𝑊ℎ
] (13) 

3.3. Thermal energy demand profile evaluation 

To calculate the hourly CO2 emissions resulting from the Thermal Energy Consumption (TEC) of a tertiary 
user connected to a DHS, the first step is to gather data on the actual hourly energy consumption of the 
buildings. If energy demand profile is not available, it is still possible to estimate the energy consumption 
using specific values that consider external average temperature. A replicable methodology for the creation 
of a profile for other buildings with a similar occupancy profile is proposed. 

3.3.1. Daily thermal energy consumption patterns and relation with external temperature 

To investigate the thermal energy demand profile, the first step is to select the buildings to be included in the 
analysis and gather relevant energy-related data, such as energy consumption, variation in heated volumes, 
and average external temperature. By obtaining hourly data, it becomes possible to observe variations in 
consumption over time of day, external temperature, and day of the week. To facilitate year-to-year 
comparisons, we used the academic year (e.g., October to September) rather than the solar year. This 
enables the analysis of consumption trends during the same heating season, thereby minimizing potential 
errors arising from changes in heated volume across different years. 

In the present case study, hourly data were collected from October 2021 to September 2022 for the demand 
side (University energy consumption), and from October 2010 to September 2011 for the production side 
(DHS data). Hourly consumption data of the university user are recorded in the heat exchange substation of 
the DHS serving the city and the analyzed user. In recent years, obtaining hourly energy consumption data 
from buildings has become increasingly accessible, although it is more challenging to obtain such data for 
the 2010-2011 heating season. With the improvement of data analysis services, it will be easier to perform 
hourly considerations in the future. In this case, however, we were forced to use the 2010-2011 period as a 
reference and consequently recalculate the hourly consumption. To do this, we used Energy Signature (ES) 
and load profile variation. As the variation in heated volumes between these two periods was negligible, this 
parameter was considered constant. 

The analysis has allowed the identification of similar consumption pattern for the working midweek days: 
Tuesday, Wednesday, and Thursday. Monday consumption is higher due to its early heating starting time, 
Friday and Saturday have a lower thermal consumption because of a lower occupancy ratio. The midweek 
days were therefore used as Reference Days (RD) to create a daily ES that more accurately represents the 
buildings’ behaviour of these days.  

 

Figure 4. a) Daily Energy Signature, relationship between thermal energy consumption and external average 
temperature b) Ratio between TEC of a specific day of the week and average TEC of RD 
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To create a more representative linear regression model from the ES, some data was excluded: National 
holidays; days right after a day of building closure; and Mondays, Fridays, Saturdays, and Sundays. Daily 
average external temperature of 2010-2011 was then used in the equation of the ES trend-line. This output 
enabled the estimation of the daily TEC for all days with behaviour similar to RD.  

To allocate the correct daily TEC for each day of the week, the ratio between the TEC of other days in the 
week and the average TEC of the RD was calculated for each week of the heating season. By taking the 
trimmed mean of these ratios, more realistic percentages were obtained as shown in Figure 1.b. The 
following specific considerations were made for the specific case study.  

• On Monday, energy consumption is higher than the RD (126%) due to an early start time for heating 
after Sunday closure.  

• On Friday, the occupancy rate of the facility decreases in the late afternoon and shutdown hour is 
later, leading to lower consumption than the RD (83%).  

• On Saturday, the facility is only open in the morning, and its energy consumption is lower (61%). 

• On Sunday, the facility is closed, with zero energy consumption. 

To obtain the actual daily consumption, the values obtained from the linear regression model were multiplied 
by the ratios shown in Figure 4.b depending on the actual days of the week in 2010.  

𝐻𝑠𝑑𝑎𝑖𝑙𝑦
= ∑ 𝐻ℎℎ

23

0

 [𝑘𝑊ℎ] (14) 

This methodology enabled the calculation of daily heat consumption, denoted as 𝐻𝑠𝑑𝑎𝑖𝑙𝑦
 , for the heating 

season 2010-2011. With these daily data, an hourly consumption profile was created using the methodology 
described in the following chapter. 

3.3.2. A replicable methodology for identifying typical hourly heat demand profiles  

A Python-based calculation method was created and developed to define the hourly TEC of a typical user. 
The model was built using daily energy consumption data obtained as explained in the previous chapter. The 
aim was to create hourly profiles depending on the days of the week and the months of the year. To express 
the hourly load, the ratio of hourly consumption to the total daily TEC was calculated (15).  

𝐿ℎℎ =
𝐻hh

∑ 𝐻ℎℎ
23
0

 [−] (15) 

The hourly load was averaged for each month and day of the week. Afterwards, a matrix was extracted that 
contained the hourly percentage heat load values characteristic of the day of the week and month.  

The Python model requires as input the daily energy consumption data, which can be obtained from the 
provider or using the energy signature and daily average external temperature of the same period for which 
CO2 emissions are being calculated. Based on the required year, a usage schedule is developed, which can 
be modified in case of scheduled closures on non-holiday days. 

The energy consumption value is then distributed over hourly values based on the percentage hourly load 
characteristic of the month and day being analyzed, resulting in the user's daily hourly consumption for the 
entire thermal season. By utilizing this calculation method, a typical hourly load profile can be obtained, 
which can be replicated for tertiary utilities that have similar heat management systems.  

4. Results 

4.1. Case study description 

4.1.1. Thermal energy profile in the main campus buildings of Politecnico di Torino 

The case study selected to develop and apply the new methodology of CO2 emissions calculation from a 
user perspective is the Politecnico di Torino. Specifically, the analysis focuses on the hourly thermal energy 
consumption of the university's most energy-intensive DH substation. The reference period chosen is the 
academic year 2010-2011 as hourly data from DHS side was available for that period. Since hourly data of 
DHS substation was available from 2021 to 2023, the methodology described in section 2.3 was applied 
using data from October 2021 to September 2022. To ensure a representative heating season, data from the 
period of extended Covid-19 restrictions was excluded.  

By applying the previously described methodology, a typical thermal consumption profile was generated for 
the reference heating season and hourly TEC data was extracted. The annual consumption of the reference 
buildings was 11.1 GWh. The aim of the chapter 3.2 is to calculate the resulting CO2 emission using both 
hourly and yearly calculation.   

 The analysis enabled to show that start-up and shut-down times vary based on the month and outdoor 
temperatures, as well as the day of the week. An earlier start-up time of approximately one hour is observed 
on Mondays to warm up structures that have cooled down during Sunday, resulting in higher total energy 
consumption than on other days. Conversely, Friday sees an earlier shut-down time than other days by 



approximately one hour. Heating on Saturdays ceases around 1 pm, and no heating is required on Sundays 
due to the facility being closed. 

4.1.2. Turin district heating system 

Knowing the hourly thermal load profile of the consumer, to define CO2 emissions, it is necessary to define 
what is happening at the energy generation level. Therefore, the DHS in Turin is analyzed from the energy 
point of view. The data used in this study are divided into two sets. The first set includes information on the 
production of electric and thermal energy, natural gas consumption, water temperature, and water flow rate 
inputs into the distribution network for all the generation groups of the Torino DHS from 2001 to 2011. The 
second set of data covers the period from 2010 to 2015 and is focused exclusively on the combined cycle 
power plants. Data cover hourly thermal and electric energy production, natural gas consumption, and 
carbon dioxide and pollutant emissions. The EF is being calculated for the 2010-2011 heating season 
because data are complete and comparable from both datasets. The DHS is supplied by three plants located 
in three different areas of the city. In the main plant, two combined cycles (CCs) and three Integration and 
Backup Boilers (IBBs) are installed. The other two plants consist of IBBs and a storage system (STO). The 
installed capacities are summarised in Table 1.  

Table 1. Turin DHS thermal power installed (2010-2011) 

type of generator number, - thermal power, MW electrical power, MW storage capacity, m3 

CC 2 520 760 - 
IBB 9 651 - - 
STO 1 - - 2’500 

To analyse the operation of the two combined cycles, thermal power and electrical power are represented as 
a set of two-dimensional coordinates x and y (Figure 5). The CC energy output for each hour of operation is 
represented by a point. Using the gaussian_kde class of the scipy.stats module in Python, it is possible to 
estimate the probability density of the two-dimensional data represented by x and y. The mathematical 
model used by the KDE is based on the convolution of a core function with the input data. In this case, the 
KDE uses a Gaussian kernel to evaluate the probability density of the data, producing a continuous function 
that describes the probability distribution of the two-dimensional data. For both CCs (Figure 5 a and b), the 
point density is highest in the operation region of in cogeneration condition at full load. This is followed in 
order of frequency by the region in electrical operation mode typical in summer period when users’ thermal 
demand is lowest. A threshold operating zone of 230 MWe can be identified from the graph for both 
combined cycles. The output points are positioned along the regression lines representing operation from 
electrical to cogeneration operation at variable loads. As described in section 3.2.1, the slope of regression 
lines at variable loads are considered approximately constant. A change in slope is not significant to the 
emissions factor calculation. The slope is inversely proportional to K (equation (4)) and in Figure 5 a and b 
are equal to 4.5 and 4.3 respectively.  

To simplify the simulation of plant operation, the outputs of the two CCs have been summed up (Figure 5c). 
The average cogeneration gain 𝐾𝑎𝑣𝑒 has been calculated and is equal to 4.4. In Figure 5c, the point density 
is higher when only one CC operates in electrical mode (summer periods) and when both CCs operate in full 
cogeneration condition (winter periods).  

 

Figure 5. CC hourly energy output. a) CC1; b) CC2; c) CC1 + CC2 

CCs produce 85% of the annual thermal energy, the remaining amount is produced by IBBs 13% and STO 
2%. 

 



4.2. CO2 emissions in universities 

4.2.1. Turin district heating emission factor 

Starting from the overall operating data of the two CCs, the regression line shown in Figure 3a is derived. 
The characteristic coefficient α of the combined cycle is 0.902. The EF of the combined cycle (equation (8)) 

is 0.074 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ. As shown in Table 1, the Turin DHS is connected with thermal storages. An analysis of 

the operation of the generation components hour by hour shows that the charging of the storage tanks 
occurs during night periods and during daytime periods when the thermal demand is lower. During such 
periods, the only operating generators are the CC units. For this reason, the storage unit also has an EF of 
0.074 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ. 

By analysing the hourly operation of the heat generators of the DHS in Turin and applying equation (9), the 
hourly emission factor 𝑓𝐷𝐻𝑆,𝑐𝑜𝑛𝑠  is obtained. Figure 6a shows the hour-by-hour emission factors for the 

months of December, January, and February. Three different trends are identified. The points with a 
constant EF of 0.074 kgCO2/kWh are associated to operating configuration 1. It corresponds to the hours in 
which the thermal energy is exclusively produced by CCs and CCs with STO. As the thermal demand 
increases, the heat production is integrated by IBBs. The EF increases as the contribution of IBBs becomes 
more and more relevant. Thermal energy production from CCs, STO, and IBBs is represented by operating 
configuration 2. The 2010-2011 winter season was characterized by a few operation hours in which the 
thermal demand was satisfied by a single combined cycle CC at which the heat produced from IBBs was 
integrated. This operating configuration is represented by the operating configuration 3. The EF reaches the 
highest values. The average hourly emission factor 𝑓𝐷𝐻𝑆,𝑐𝑜𝑛𝑠  for each month is represented in the graph in 

Figure 6b.  

 

Figure 6. hourly EF (consumption factor). a) EF with respect to thermal energy generated in winter period; b) 
average EF with respect to time of day in the different months of the year 

While in the summer months the emission factor 𝑓𝐷𝐻𝑆,𝑐𝑜𝑛𝑠  is lower, this is not true for the emission term 

related to network losses 𝑓𝐷𝐻𝑆,𝑙𝑜𝑠𝑠𝑒𝑠. Network losses contribution is lowest in the daytime hours of the heating 

season; it is most relevant in the night-time period, and it is highest in the summer period when the energy 
delivered is minimal and equal only to that required for domestic hot water production.  

4.2.2. Annual emission factors methodologies comparison  

To define the annual EF of the Turin DHS in the 2010-2011 thermal season, the annual energy performance 
is calculated. The total energy produced is 1’760 GWht, of which 8% is loss to the distribution network.  

Table 2 shows the annual thermal emission factors calculated using the three methodologies presented in 
the previous sections. SEA method allocates the emission factor into two contributions: one related to heat 
losses in the distribution network, and the other related to actual thermal energy consumption. The EF 
obtained using this method is significantly lower than those obtained using the other two methods. Method E 
outputs an emission factor that is approximately three times higher than the one obtained using the SEA 
method proposed, and even higher than the EF of natural gas (0.202 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ [17]). This implies that 

users who satisfy their thermal energy needs using DHS emit more tons of CO2 than those who use a single 
natural gas boiler considering the same thermal energy consumption. Finally, method U considers electrical 
energy generated in cogeneration and produced as a substitute for fossil-fuelled non-cogeneration national 
thermoelectric plants. The electrical emission factor applied is the Italian gross thermoelectric production 
(fossil fuels only) as of the year 2010 and is equal to 0.565 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ [12]. Method U generates a negative 

DHS thermal emission factor. The EF must be replaced by zero value. This implies that the production of 
thermal energy from DHS results in an inappropriate cutback of CO2.  



Table 2. annual emission factor comparison 

  Losses factor, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ  Consumption factor, 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ  Total factor , 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ  

Method E (eq. (1)) − −   0.302 

Method U (eq.(2)) − − − 0.421 (0) 

SEA method (eq. (11)) 0.009 0.093   0.102  

 

4.2.3. Application of methodologies to case study and corresponding CO2 emissions  

The emission factors calculated (Table 2) are applied to the consumption of the 2010-2011 heating season 
of Politecnico di Torino. In the 2010-2011 heating season, the annual thermal energy consumption 
calculated for the user case study is 11.1 GWht.  
 

Table 3. Politecnico di Torino CO2 emission. 2010-2011 heating season 

 Thermal losses, CO2 t Thermal consumption, CO2 t Total, CO2 t 

Method E −  − 3’350 

Method U −   − 0 

SEA Method 96 1’035 1’131 

Hourly approach 42 1’087 1’129 
 

Annual CO2 emission values are compared with the hourly calculation by applying the hourly approach. By 
applying the SEA method emission factor, the total annual emission value is characterized by a percentage 
error of less than 1% compared with the value calculated by applying the hourly approach. The allocation 
between emissions from thermal energy consumption and heat losses on the distribution network varies. As 
anticipated in section 3.2.4, the emission value associated to network thermal losses in the SEA method 
considers annual percentage losses (8%). The incidence of losses on total emissions is therefore lower for 
users characterized by an exclusive winter period heat load profile like in Politecnico di Torino case study. 

 

Figure 7. Hourly variation of average daily thermal energy consumption of RD (left axis) and variation of 
DHS emission factor (right axis).  

Figure 9 illustrates the average profile of a typical daily thermal energy consumption at Politecnico di Torino, 
along with the EF trend shown in dashed lines. The hourly emission factor fluctuations depend on the usage 
patterns of other DHS users, and therefore the need for backup boilers. These graphs display a similar trend, 
with a noticeable deviation towards the morning hours. It may be inferred that the Politecnico di Torino 
begins heating operations earlier and terminates the early in contrast to the average schedule of users.   

5. Discussion 
This paper presents a new methodology for calculating the hourly variation of CO2 emissions of DHS, 
specifically in the case of combined cycle cogeneration plants. A new methodology that enables the 
calculation of emission factors on an hourly basis and as well as a simplified annual method (SEA method) is 
presented and compered to existing methodologies. The methodologies described are applied to a 
representative case study of a tertiary DHS user. The case study selected is Politecnico di Torino. The total 
CO2 emissions calculated using the three different methodologies showed a wide variability in the results. In 
particular, the two methodologies currently in use present two very contrasting results varying from values 
above that of natural gas to zero values. The need to find an alternative method is therefore confirmed.  The 
emission value obtained with the more accurate hourly analysis is close to the annual value and the error il 
negligible. The application of the hourly methodology requires knowing the hourly operating data of the 
generation plants and the hourly heat load of the user. If the user’s hourly consumption data is not available, 
a methodology applicable to tertiary users is proposed to evaluate the user thermal needs. Therefore, SEA 
method can be used to calculate the total emissions of a structure if thermal energy consumption data has a 



yearly approximation or if it is not possible to access the hourly generation data of the DHS. SEA method is a 
good solution in defining total annual emissions, but as compared to the hourly approach it does not allow for 
a correct allocation of emissions between emissions due to thermal network losses and effective 
consumption, therefore one unresolved issue is the allocation of distribution thermal losses. At a regulatory 
level, it is unclear to whom to attribute the value of losses and in what period (annually or in the period of use 
only). Furthermore, since it can be challenging to ask local entities to conduct deep and complex analyses to 
determine their CO2 emissions, it would be beneficial to require DH companies to include this information on 
bills. These future developments will help to improve the accuracy of CO2 emissions calculations for users 
connected to DHS.  

The hourly analysis has also highlighted opportunities for improvement in reducing CO2 emissions.   
Knowing the hourly variation in emission factor due to the use of different generators, different energy 
consumption behavior could be motivated to reduce their emissions. For example, users may choose to 
adjust their energy demand during hours of less use, or install energy storage systems, to store energy when 
emissions are low and use it when emissions are high. These approaches could contribute to reducing the 
overall CO2 emissions during the transition phase towards a complete decarbonization of energy sources. 
These analyses will become obsolete when DHS will become completely fossil fuel free. 

The integration of hourly analysis of both electrical and thermal energy will become increasingly significant 
as renewable energy sources continue to grow in importance. Future developments should address this 
challenge by combining the hourly emission factors for both thermal and electric energy sources. This will 
enable the development of smarter storage and distribution systems for both thermal energy and electricity, 
ultimately leading to more sustainable and efficient energy use. 

Nomenclature 
CC CHP Combined Cycle 

CHP Combined Heat and Power Plant 

DHS District Heating Systems 

E electrical power, 𝑀𝑊 

𝐸𝐶𝐻𝑃  (𝐸𝐶𝐻𝑃
̿̿ ̿̿ ̿̿  ) electrical power (energy) produced in CHP and delivered, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

EF emission factor 

ES energy Signature 

F fuel inlet power, 𝑀𝑊 

𝐹𝑖 (𝐹�̿�) fuel inlet power (energy) used for each energy source i, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟)  

𝐹𝐶𝐶 (𝐹𝐶𝐶
̿̿ ̿̿ ) natural gas fuel inlet power (energy) of Combined Cycle Plant, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

𝑓𝑖,𝐹 energy source i EF referring to fuel inlet energy, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ   

𝑓𝑖,𝐻 energy source i EF referring to thermal energy produced, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ 

𝑓𝑁𝐺 natural gas EF, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ 

𝑓𝑒𝑙 electrical energy EF, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ 

𝑓𝐶𝐶,𝐻 CC CO2 EF referring to thermal energy produced, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ 

𝑓𝐷𝐻𝑆,𝐻𝐸
̅̅ ̅̅ ̅̅ ̅̅ ̅ annual DHS CO2 EF referring to total utilised energy, 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ 

𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
(𝑓𝐷𝐻𝑆,𝐻𝑑𝑒𝑙
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)  hourly (annual) DHS CO2 EF referring to utilised thermal energy, 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ 

𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛
(𝑓𝐷𝐻𝑆,𝐻𝑔𝑒𝑛
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) hourly (annual) DHS CO2 EF referring to thermal energy produced, 𝑘𝑔𝐶𝑂2

/𝑘𝑊ℎ 

𝑓𝐷𝐻𝑆,𝑙𝑜𝑠𝑠𝑒𝑠 hourly DHS CO2 EF of losses, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ 

𝑓𝐷𝐻𝑆,𝑐𝑜𝑛𝑠  hourly DHS CO2 EF of user’s thermal consumption, 𝑘𝑔𝐶𝑂2
/𝑘𝑊ℎ 

𝐻 (𝐻) thermal power (energy) produced by Combined Cycle Plant, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

𝐻𝑖 (𝐻𝑖
̿̿ ̿) thermal power (energy) produced by generator 𝑖, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

𝐻𝑔𝑒𝑛 (𝐻𝑔𝑒𝑛
̿̿ ̿̿ ̿̿ ) total thermal power produced, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

𝐻𝑙𝑜𝑠𝑠𝑒𝑠(𝐻𝑙𝑜𝑠𝑠𝑒𝑠
̿̿ ̿̿ ̿̿ ̿̿ ̿) losses thermal power (energy) in the distribution network, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

𝐻𝑑𝑒𝑙   (𝐻𝑑𝑒𝑙
̿̿ ̿̿ ̿̿  ) thermal power (energy) delivered to the user, 𝑀𝑊 (𝑘𝑊ℎ/𝑦𝑒𝑎𝑟) 

𝐻𝑠𝑑𝑎𝑖𝑙𝑦
 user’s daily thermal energy consumption, 𝑘𝑊ℎ 

IBB  integration and Back-up Boiler 

Lhh hour load 

𝑝% (𝑝% ̿̿ ̿̿ ̿) hourly (annual) percentage thermal distribution losses, % 



RD reference days 

STO storage system 

TEC thermal Energy Consumption 

K cogeneration gain 
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Abstract 

Negative Emissions Technologies (NETs), such as Bioenergy with Carbon Capture and Storage 

(BECCS) and Direct Air Carbon Capture and Storage (DACCS), are potentially valuable to offset carbon 

emissions and therefore commonly deployed in global climate change mitigation scenarios. However, 

they are controversial and sometimes seen as a means of delaying or avoiding emissions reduction 

efforts. Nonetheless, the UK has set an ambitious target of engineering 57 Mt CO2 per year of removals 

by 2050 to achieve net zero emissions[1]. This study uses the UK TIMES, technology-rich bottom-up 

energy system model to investigate the nationwide deployment of NETs in the energy system, while 

varying model parameters to provide an overview of decarbonisation in line with the UK's net zero 

ambitions. We investigated DACCS and BECCS NETs technologies with regards to technological 

uncertainties and sensitivities. We revised the TIMES model structure for NETs implementation to 

ensure proper integration with industry. Our analysis estimates that the UK can remove 78.5 Mt CO2 by 

2050 under the balanced Net Zero Scenario. However, by integrating an updated characterisation of 

removal technologies, and enabling tighter integration of DACCS into industrial clusters, we can achieve 

a removal capacity of up to 209 Mt CO2 by 2050 based on our preliminary results. Additionally, a 50% 

reduction in DACCS cost could further increase the removal capacity to 218 Mt CO2. This study provides 

valuable insights for policymakers and stakeholders in the UK and beyond, highlighting how NETs can 

be integrated in industrial strategy. 

Keywords: DACCS, BECCS, NETs, Energy System modelling, UK-TIMES, Net-Zero 

1. Introduction 

The increasing concentrations of greenhouse gases (GHG) in the atmosphere due to human activities 

have led to the unprecedented challenge of climate change. While mitigation efforts such as reducing 

emissions are crucial, they alone are not enough to limit the rise in global temperatures to well below 

2°C, as carbon dioxide removal scenarios are highly incorporated into modelling scenarios [2]. Negative 

emission technologies (NETs) have thus emerged as a potential solution to extract and store carbon 

dioxide from the atmosphere. Two promising NETs are Direct Air Carbon Capture and Storage 

(DACCS) and Bioenergy with Carbon Capture and Storage (BECCS), which are a common feature of 

global climate change mitigation scenarios [1] 

DACCS technologies remove carbon dioxide (CO2) directly from the air using a chemical that 

selectively captures CO2 molecules. Once the chemical is saturated with CO2, the captured CO2 is 

released and collected for processing. This process allows for CO2 to be removed from the atmosphere 

and stored. DACCS can remove CO2 directly from the atmosphere, regardless of the source of the 

emissions. This means that it can be used to remove CO2 that has already been emitted, as well as to 

remove future emissions from sources that are difficult to decarbonise, such as aviation and shipping. 

DACCS technologies can be broadly classified into two categories: liquid absorbent (such as potassium 

hydroxide) and solid sorbents (such as amine-based solid sorbents). Liquid absorbent systems are 
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associated with high capital investment costs (CAPEX) and energy prices as they are operated at high 

temperatures, while solid sorbent DACCS is more sensitive to the adsorbent material costs and its 

performance with high CAPEX as well [3].  

BECCS technologies, on the other hand, remove CO2 from the atmosphere by using biomass 

production to generate energy and then capturing and storing the CO2 emissions that are produced 
during the process. The CO2 emissions produced during energy generation are offset by the CO2 
absorbed by the biomass during growth, and the captured CO2 is stored underground, effectively 
removing it from the atmosphere, which can potentially provide negative emissions. BECCS 
technologies involve capturing CO2 emissions from bioenergy facilities such as power plants, using 
carbon capture and storage (CCS) technology. The captured CO2 is then stored underground. There 

are various types of BECCS systems that exist or are under development, including:  

• Post-combustion capture: This technology involves capturing CO2 emissions from the exhaust 
gas of a bioenergy facility after the combustion process. 

• Pre-combustion capture: This technology involves converting biomass into a gas (syngas) 
before combustion. The CO2 is then captured from the syngas before combustion. 

• Oxy-fuel combustion: This technology involves burning biomass with oxygen instead of air. The 
resulting flue gas is mostly CO2, which is then captured and stored. 

• Chemical looping combustion: This technology involves using a metal oxide to react with 
biomass, producing a gas that is mostly CO2. The metal oxide is then regenerated using air, 

producing a concentrated stream of CO2 that can be captured and stored. 
 

The total capacities of NETs deployed in Integrated assessment models (IAMs) show considerable 
variation. For example, International Energy Agency’s (IEA) Net Zero scenario estimate that BECCS 
and DACCs can globally remove 1.9 gigatons of CO2 globally by 2050 [4]. The National Academies of 
Science report [5] estimates that NETs could potentially remove around 10-20 Gt of CO2 per year by 

2050, which is equivalent to around one-third of current global emissions [6]. According to the Sixth 
Carbon Budget report of Climate Change Committee (CCC), DACCS and BECCS deployed in the UK 
can remove 57 Mt CO2 emissions per year in 2050 in the balanced net-zero scenario [1] (Figure 1).  
 

 
Figure 1. NETs deployment in the UK [7] 

 
In recent years, there has been growing interest in integrating these NETs into industrial 

clusters in the UK. Industrial clusters are geographic regions of interconnected companies that accrue 

agglomeration effects from producing goods and services. By integrating NETs into these clusters, it is 
possible to reduce emissions from multiple sources while also generating economic benefits. Further 
benefits from co-locating NETs in industrial clusters include the potential availability of CCS 
infrastructure, potential integration of waste heat, a potentially easier permitting process, and higher 
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social acceptance. The UK has set ambitious targets for the deployment DACCS and BECCS in its 
industrial clusters as part of its efforts to reach net-zero emissions by 2050.  

The UK has set a target that DACCS capture up to 5Mt of CO2 per year by 2050, and BECCS 
remove 22 Mt CO2 per year by 2035 and 53 Mt CO2 per year by 2050[1]. The government has also set 

a target to deploy at least two industrial-scale DACCS facility by 2025 and to scale up deployment to 
reach 3 million tonnes of CO2 captured per year by 2030 and world’s first zero cluster by 2050[8]. To 
support the deployment of these technologies, the government has launched a £1 billion Net Zero 
Innovation Portfolio to fund the development and demonstration of innovative low-carbon technologies, 
including DACCS and BECCS[9]. The government has also launched a consultation on the design of a 
UK Emissions Trading System and the potential inclusion of carbon removal credits, generated from 

NETs, which will provide a financial incentive for industries to reduce their greenhouse gas emissions 
and encourage the deployment of low-carbon technologies such as DACCS and BECCS. 
 

The future energy system scenarios addressing the transition towards a Net-Zero have been 
carried out for UK by using the UK-TIMES model. This model is widely used for creating energy system 
decarbonisation pathways [10-13]. UK-TIMES covers the full energy system and is applied in this study 

to explore the role of DACCS and BECCS in achieving the UK’s net-zero goal, particularly in offsetting 
industrial cluster emissions. Removal technologies are interesting not only because they appear to be 
crucial to the achievement of global Paris Agreement mitigation targets in IPCC scenarios, but also at 
a national level because they may create emissions space for some hard-to-abate industries to survive 
in a country, with important ramifications for “just” transitions and promoting “place-based” transitions. 
However, there are still challenges to overcome, including the high cost of these technologies and the 

need for supportive policies and regulations to encourage their deployment at scale. This paper 
explores the potential of DACCS and BECCS integrated into industrial clusters in the UK and assesses 
their potential to contribute to negative emissions targets. 

2. Methodology 
2.1. DACCS 

DACCS technologies pulls air from the surrounding environment and passes it through a pre-filter to 
remove any particles or contaminants. The air is then passed through a sorbent material, which 

selectively captures carbon dioxide (CO2). The sorbent material can be a solid or liquid, depending on 
the specific DACS system design. Once the sorbent material is saturated with CO2, it is heated to 
release the captured CO2. This process is known as desorption or regeneration, pressure-swing or 
moisture swing system can also be utilised. The CO2 is released as a concentrated stream that can be 
captured and compressed for storage. The captured CO2 is compressed and transported to a storage 
site. The CO2 can be stored in geological formations, such as depleted oil and gas reservoirs or deep 

saline aquifers, where it is securely stored underground to prevent it from entering the atmosphere.   
 

There are four different DACCS systems defined in the default UK-TIMES model. We 
introduced an additional four DACCS systems with updated CAPEX and OPEX cost values (see Table 
1). Technologies #1,2,3 and 7 already exist in the UK-TIMES model. We changed the commodities for 
technology #8 to connect with industrial waste heat, to represent industrial cluster integration. The 

existing data was adopted from a NAS study [5]. Additionally, we introduced new technologies #4,5,6 
and 7 [3]. The capacity growth of all DACCS technologies is limited to 10% per year with a five-year 
seed value of 1 Mt CO2 captured and stored. 
 

Table 1. Techno-economical characteristics of selected DACCS technologies 

# DACCS Technologies 
CAPEX 

[£/tCO2], 
2020 

OPEX 
[£/tCO2], 

2020 

Heat Req. 

[GJ/tCO2] 

Electricity 
Req. 

[GJ/tCO2] 

Lifetime 

[yr] 

1 
DACCS-Liquid solvent 
electric CCS[5] 

630.7 25.8 10.68 1.2 30 

2 
DACCS-Liquid solvent 
electric NGA CCS[5] 

630.7 25.8 10.68 1.20 30 

3 
DACCS-Liquid solvent 
electric hydrogen CCS[5] 

630.7 25.8 10.68 1.20 30 

4 
DACCS-Solid sorbent electric 
CCS[3] 

737.9 17.5 3.94 0.84 25 
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5 
DACCS-Solid sorbent electric 
NGA CCS[3] 

737.9 17.5 3.94 0.84 25 

6 
DACCS-Solid sorbent electric 
hydrogen CCS[3] 

737.9 17.5 3.94 0.84 25 

7 
DACCS- Solid sorbent waste 
heat CCS[5] 

714.4 10.8 3.94 0.84 30 

8 
DACCS- Solid sorbent waste 
heat CCS w/IND[5] 

1,093.2 16.5 3.94 0.84 30 

Notes: CAPEX: capital investment cost; CCS: carbon capture and storage; OPEX: operational and 
maintenance cost; Req.: requirement.  
 

These CAPEX and OPEX values of DACCS are attributed to the year 2020. We have assumed 
a 50% reduction in CAPEX and OPEX by 2050 based on Fasihi et al [14]. As the liquid solvent requires 

high temperature (900C) for the regeneration in the calciner, we did allow the integration of industrial 

waste heat (around 150C) [15] with this technology. 

2.2. BECCS 

There are different types of BECCS systems, which vary based on the type of biomass feedstock, the 

conversion technology, and the carbon capture and storage (CCS) method used. Some of the different 

types of BECCS systems include: 

1. Direct combustion BECCS: This involves the direct combustion of biomass to generate 

electricity or heat, with the resulting CO2 emissions captured and stored using CCS technology. 

2. Co-firing BECCS: In this system, biomass is co-fired with fossil fuels in power plants to reduce 

greenhouse gas emissions. The CO2 emissions from the combustion process are captured and 

stored using CCS technology. 

3. Gasification BECCS: This involves the gasification of biomass to produce a syngas, which is 

then combusted to generate electricity, heat or hydrogen. The resulting CO2 emissions are 

captured and stored using CCS technology. 

4. Anaerobic digestion BECCS: This system involves the anaerobic digestion of organic matter to 

produce biogas, which can then be used to generate electricity, heat or hydrogen. The CO2 

emissions from the combustion process are captured and stored using CCS technology. 

5. Pyrolysis BECCS: In this system, biomass is heated in the absence of oxygen to produce a bio-

oil and a solid char to produce hydrogen. The bio-oil can be used as a fuel, while the char can 

be used as a soil amendment. The resulting CO2 emissions from the combustion of the bio-oil 

are captured and stored using CCS technology. 

Each of these BECCS systems has its own advantages and limitations, depending on factors such as 

feedstock availability, energy efficiency, and cost-effectiveness. The UK-TIMES model utilises five 

different BECCS technologies (Table 5). The technologies with techno-economic properties are given 

in Table 2. The capacity growth of biomass technologies limited to 10% per year with maximum 20% of 

biomass import growth. 

Table 2. Techno-economical characteristics of selected BECCS technologies 

# Technology name 
CAPEX 

[£/kWh] 

Var. 
OPEX 

[£/kWh] 

Fix. 
OPEX 

[£/kWh] 

EFF 

[%] 

Lifetime 

year 

1 Hydrogen Biomass gasification with CCS 0.254 - 0.018 46 30 
2 Hydrogen Biooil SMR with CCS 0.151 - 0.010 54 30 

3 Hydrogen Waste gasification with CCS 0.321 - 0.020 41 30 
4 Biomass combustion with CCS 0.321 0.003 0.015 31 25 
5 Biomass combustion with CCS-retrofit 0.208 0.004 0.009 89 25 

Notes: CAPEX: capital investment cost for 2020; EFF: efficiency; Var: variable; Fix: fix; OPEX: 

operational and maintenance cost; Req.: requirement, AD: anaerobic digestion, SMR: steam methane 
reforming. The variable and fix operational and maintenance cost are for the year 2020. 
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2.3. TIMES model generator 

The Integrated MARKAL-EFOM System (TIMES) model generator is maintained by International 

Energy Agency (IEA)- the Energy Technology Systems Analysis Programme (ETSAP) [16] to conduct 
in-depth energy and environmental analysis [17]. It is used for the analyse the possible future energy 
system scenarios [18]. The TIMES model is a bottom-up approach that uses a single or multi-regional 
model with a technology-rich database to analyse and plan energy systems at the national, regional, or 
city level. It is a techno-economic, partial equilibrium model-generator that assumes perfectly 
competitive markets and perfect foresight. Its source code, written in GAMS, is available for free 

download upon signing an ETSAP Letter of Agreement. In this study, we use the UK-TIMES which is 
built using the VEDA system (developed by UCL Energy Institute [19]) and it is now being utilised by 
His Majesty’s Government departments to inform their climate policy analysis, including the 6th Carbon 
Budget [1].  
 

The UK-TIMES model is a representation of the technology and fuel options available for 

various energy-consuming sectors when working towards the goal of decarbonisation. The decisions 
about these options are determined by what is the most cost-effective while taking into account various 
constraints that reflect the characteristics of the system.  The model considers various factors, including 
the need to balance the supply and demand of energy over different periods of time, restrictions on the 
rate of technology deployment, and the availability of resources. One major advantage of this approach 
is that it trades off action between sectors, and captures interactions between sectors, allowing for more 

informed policy decision making. The UK-TIMES is structured in eight sectors, divided into three supply 
side and five demand sectors. The supply side consists of resources and trade, processing and 
infrastructure, as well as electricity generation transmission and distribution. The demand sectors 
include residential, services, industry, transport and agriculture.  All sectors are calibrated based on the 
energy balance of the UK in the base year of 2010, and takes into account the existing portfolio of 
energy technologies in the Reference Energy System (RES). The UK-TIMES has flexible time periods 

and provides results for five-year periods until 2060. It consists of a total of 16 time-slices, with each of 
the four seasons being represented by a typical day divided into four time-slices. 

 
The model aims to minimise the total system costs (least-cost solution), which includes 

investment cost, fixed and variable operation and maintenance cost, import cost, and export revenues 
for all modelled processes. The capacity of a particular technology remains until the end of its technical 

lifetime, and its salvage value is subtracted from the objective function if its economic lifetime goes 
beyond the modelling horizon. The inputs used to develop the UK-TIMES include exogenous service 
demand curves, supply curves, policies, and techno-economic parameters for each technology. Supply 
curves show the quantities of primary energy resources or imported commodities available at a specific 
cost. Techno-economic parameters are assigned to available and future technologies, including 
transformation and demand technologies. Technical parameters include efficiency and availability 

factor, while economic parameters include investment costs and interest rates. Policies may include the 
effects of legislation such as taxes and subsidies on specific technologies or fuels.  
 

The outputs of TIMES models are region-specific and time-specific optimal investments, 
operations, and import/export levels. The model output includes not only the optimal solution but also 
costs, environmental indicators, marginal prices of commodities, and energy flows. UK-TIMES models 

both energy- and non-energy-related CO2, CH4, N2O and HFC emissions, although non-CO2 GHGs 
have not been explicitly considered in this study. Overall, the UK-TIMES VEDA model is a 
comprehensive tool for exploring different pathways to integrate DACCS and BESS into the UK’s 
industrial clusters, providing insights into the costs, feasibility, and trade-offs associated with different 
options. In this study we have three main scenarios: 

1. The default model runs: exploring the update of NETs without updates on technology 

characterisation. 

• We run the model with existing DACCS and BECCS technologies, including their 
techno-economic characteristics as described in sections 2.1 and 2.2. 

2. The model runs where solid sorbent DACCS is integrated into industrial clusters. 

• We introduced four additional DACCS and integrated solid sorbent DACCS into 

industrial clusters, considering the low heat demand from industry / 
3. The cost sensitivity of NETs deployment  
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• We changed the CAPEX of DACCS by 50% to evaluate the cost sensitivity of 
DACCCS employment as well as NETs. 

 

3. Results and discussion 
3.1. Default results from the UK- TIMES model 

Results show that 78.5 Mt CO2 can be captured by DACCS and BECCS in the UK by 2050 under the 

balanced Net Zero Scenario (see Figure 2). The default DACCS (liquid solvent powered by electricity, 

electricity and gas, hydrogen; solid sorbent powered by waste heat from electricity generation without 

integration into industrial clusters) and BECCS (biomass incinerated gasification combined cycle 

(IGCC); hydrogen generation from biooil gasification with CCS; biomass gasification with CCS; waste 

gasification with CCS; electricity generation from biomass combustion with CCS) technologies are used 

to produce these results. In 2050, the most important technologies are:(1) hydrogen generation from 

biomass gasification with CCS, (2) solid sorbent DACCS, (3) hydrogen generation from waste 

gasification with CCS, and (4) biomass combustion with CCS for electricity generation following. The 

liquid solvent powered by electricity DACCS contributes the least to NETS. 

 
Figure 2. NETs results from existing UK-TIMES model for Net Zero Balanced scenario  

 

According to the Net Zero balanced scenario, total positive CO2 emissions would be 65 Mt 

CO2 if DACCS, BECCS and natural negative emissions as well as industrial emissions sequestration 

are not taken into account (see Figure 3 for a breakdown of emissions by sector). It is evident that the 

positive emissions remain within the system, and it is not feasible to achieve the net -zero goal without 

the deployment of NETs, especially hard-to-abate sectors such as heavy industry, transportation, 

aviation and shipping. These sectors typically emit a large amount of greenhouse gases and require 

innovative and effective solutions to reduce their emissions and transition to a low-carbon economy. 
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Figure 3. Total CO2 emissions from different sector in the UK. 

 

3.2. DACCS technologies integration into industrial clusters 

According to Figure 2, the two leading DACCS technologies are solid sorbent waste heat DACCS and 

liquid solvent DACCS powered by electricity (as shown in Figures 2 and 3a)  in the Net-Zero Balanced 

scenario. The UK-TIMES has not chosen other liquid solvent DACCS technologies powered by natural 

gas & electricity and hydrogen due to least-cost solution. In addition, we have included three other solid 

sorbent DACCS technologies, namely solid sorbent DACCS powered by electric ity, natural gas & 

electricity, and hydrogen. Furthermore, we have explored the option of solid sorbent DACCS powered 

by low heat from industrial clusters, including the chemicals, food and drink, non-metallic minerals 

sectors, and other industrial low heat, in addition to waste heat from electricity generation processes.  

 We have found that DACCS can capture 22.9 Mt CO2 by 2050 and up to 40.7 Mt CO2 by 2060, 

mainly through the use of solid sorbent technology (as shown in Figure 4a), in the case where this 

DACCS is not integrated with industrial waste heat. There are 2 TWh (for 2050) to 19 TWh (for 2040) 

of low-grade heat available from industry that can be utilised in the DACCS system. By integrating solid 

sorbent DACCS with this available low temperature heat from industrial clusters, DACCS potential 

increases up to 180 Mt CO2 by 2050 (Figure 4b) based on our preliminary results. Hence, the integration 

of DACCS technologies into industrial clusters can provide a fourfold increase in CO2 removal in a net-

zero scenario. 
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a) 

 b) 

 

Figure 4. DACCS technologies changes over time. a) Default results from Net-Zero Central 

scenario without industrial integration b) DACCS solid sorbent was integrated with industrial 

low heat. The same cost values are applied in both scenarios. 

It is important to note that increasing the deployment of DACCS will result in an increase in total 

positive CO2 emissions (increase to around 178 Mt CO2 in 2050) almost all sectors, primarily from the 

industrial, transport and process sectors due to the space created by NETs (see Figure A1 in the 

appendix). However, even though positive emissions will increase by 2.8 times, the integration of solid 

sorbent DACCS into the industry will provide a fourfold increase in CO2 removal amount. 

3.3. CAPEX cost impact on NETS 

We have also explored the impact of capital cost (CAPEX) on the deployment of DACCS, given the 

uncertainty in the cost of DACCS in both the short and long term [3]. We varied the CAPEX by ±50% 

to estimate the amount of CO2 that can be captured economically (as shown in Figure 5). When we 

increased the CAPEX, liquid solvent DACCS became less favourable, as CAPEX makes up a larger 
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share of the total cost compared to solid sorbent DACCS technologies. As we decreased the CAPEX, 

liquid solvent DACCS was still utilised but to a lesser extent than solid sorbent  which is integrated to 

industrial low heat. Although the model includes DACCS options with and without industrial integration 

(as listed in Table 1), solid sorbent DACCS with integration of waste heat from industrial clusters is the 

dominant technology. When we decreased the CAPEX, we could increase the amount of captured and 

stored CO2 up to 180.4 Mt by 2050. A 50% decrease in CAPEX resulted in a 7% increase in the capacity 

for CO2 removal, whereas a 50% increase in CAPEX decreased the CO2 removal capacity by 21%. 

 

Figure 5. The impacts of DACCC capital costs on DACCS capacity. The low cost and central 

scenarios utilise solid sorbent DACC with industrial waste heat integration and liquid solvent 

electricity powered DACCS. The high-cost scenario only considers the solid sorbent DACCS 

with industrial cluster integration. 

We have also assessed the overall NETs removal amount based on the range of DACCS 

CAPEX. A 50% decrease in DACCS CAPEX increases the total NETs removal capacity up to 219 Mt 

CO2 by 2055 and 218 Mt CO2 by 2050 (as shown in Figure 6). This removal capacity is expected to 

further increase as the BECCS CAPEX also decreases. 

 

Figure 6. The impact on DACCS’s CAPEX on overall NETs deployment 
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4. Conclusion 

This study demonstrates the potential of Negative Emissions Technologies (NETs) to help achieve the 

United Kingdom's net zero ambition by 2050, with a particular focus on Direct Air Carbon Capture and 

Storage (DACCS) and Bioenergy with Carbon Capture and Storage (BECCS). By integrating additional 

NETs into industrial clusters and reducing costs, it is possible to significantly increase CO 2 removal 

amount from the atmosphere. Our findings indicate that solid sorbent DACCS powered by waste heat, 

ideally industrial low-temperature heat, is the leading DACCS technology. We also discovered that by 

integrating the solid sorbent DACCS into industrial low heat and reducing the CAPEX of DACCS by 

50%, NETs can remove up to 219 Mt CO2. We anticipate that lowering the CAPEX of BECCS will further 

increase this removal capacity. Our study underscores the importance of investing in and expanding 

NETs to combat climate change and achieve a sustainable future. These insights are of great value to 

policymakers and stakeholders in the UK and beyond. 
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Figure A1. Total positive CO2 emissions when DACCS is integrated into industrial clusters. 

 

7. Nomenclatures 
BECCS: Bioenergy carbon capture and storage 

BEIS: Department of Business, Energy and Industrial Strategy 

CAPEX: Capital investment cost 

CCC: Climate Change Committe 

CCS: Carbon capture and storage 

DACCS: Direct air carbon cpture and storage  

ETSAP: Energy Technology Systems Analysis Programme 
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GHG: Greenhouse gas 

IEA: International Energy Agency 

IND: Industry 

MARKAL-EFOM: MARKet Allocation - Energy Flow Optimization Model 

NETs: Negative Emission Technologies 

OPEX: Operational and maintenance cost 

RES: Reference energy system 

TIMES: The Integrated MARKAL-EFOM System 

UK: United Kingdom 

VAR: variable 
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Abstract: 

Hydropower technologies are usually related to low-carbon emissions; however, detail discussion of a different 
number of environmental concerns is not properly done at the moment especially considering the lifetime 
phases. There is also a lack of evaluations when comparing with conventional technologies and when 
comparing with traditional Environmental Impact Assessments (EIA). In this context, this paper explored the 
environmental impacts using the LCA methodology of a hydropower plant to identify which lifetime phases 
damage more in health, ecosystems and resource areas of protection. A comparison between the impacts 
with the grid conventional electricity generation and a comparison with the results of the conventional EIA 
method are also presented. A database of a cascade hydropower in the tropical region is built using as a case 
study, the Bolivian project named “Ivirizu” with 290.21 MW of power capacity. Reservoir hydropower plant, 
campsite and road are analyzed. Data collection considered materials transportation, grave production, 
construction, maintenance, operation and disposal step. Data was obtained directly from the Governmental 
energy corporations and Ecoinvent database. Biogenic emissions were determined using the model proposed 
by Hertwich, 2013. ReCiPe 2016 method was employed to calculate the mid-point and end-points 
environmental impacts. The construction phase was found to impact most. This phase impacts on the 
resources depletion by 98.16%. This due to diesel is mainly required during the construction phase. This phase 
also impacts in 71.17% in human health mainly. The operation has 34.31% of contribution of impacts in 
ecosystems. This is due to high levels of water consumption during electric generation. The damage on 
resources is reduced in 63.32 % while hydropower lifetime is increased up to 150 years. Hydropower electricity 
has more than 79.00% less impacts compared with grid electricity. LCA results could contribute significantly 
in traditional EIA by providing quantitative information. 

Keywords: 

Hydropower; LCA; Reservoir; Run of River; Renewable Energy 

1. Introduction 
According to International Renewable Energy Agency (IRENA), the electricity generated by renewables was 
7468 TWh in the world in 2020, where hydroelectricity represented almost 60.00% of the total [1]. Hydropower 
is growing up in the last years and some countries like Brazil rely almost entirely on this. However, other 
countries have not investment in this kind of infrastructure to generate electricity [2]. Global hydropower 
installed capacity increases in 1.90% in 2021 in comparison to 2020; however, an increase of more than 2% 
is expected to contribute to the reduction of climate change impacts [3]. 

Bolivia is a country located in the middle of South America where the base for the electricity generation are 
thermoelectric centrals. Due to the installation, operation and construction time is lower than for hydropower 
plants. The natural gas is also subsidized (Cost around 1,3 US$/MPC) representing a problem for the national 
economy and rapid depletion of gas reservoirs [4].  Bolivia has an Energy Development Plan (PDE) where 
they proposed the implementation of different alternatives like wind, photovoltaic, and hydropower centrals to 
cover the energy demand in all the country [5]. According an evaluation made by OLADE, the estimated 
hydropower potential is 39857 MW, but just the 1.2% was exploited in the country [6]. The majority of this 
potential are located in Pando, Beni, Tarija, La Paz and part of Cochabamba [7]. The overall effective power 
capacity at the beginning of 2023 in the country was 3626.27 MW, where 20.24% comes from hydroelectric, 
68.17% from thermoelectric, 3.62% from eolic, 1.15% from solar and 3.38% from biomass [8]. Bolivia planned 
28 hydroelectric projects, one of them is Ivirizu, located in the tropical region of Cochabamba with 290.21 MW 
of installed power capacity. This is a hydropower unit in cascade, shaped for two hydropower plants 
Sehuencas (198.66 MW) and Juntas (91.55MW) [9,10].  
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Hydroelectric projects bring negative and positive environmental impacts which depends of different variables 
like, the type of hydroelectric, the materials used during construction among others included the possible 
socioeconomic local impacts [4].Usually, a hydropower plant is considered a low-carbon option. This 
represents an attractive option to different governments to cover the electricity demand if they have the 
potential hydric resources [2]. However, hydropower plants produce greenhouse gases (GHGs) and different 
emissions to air, water and soil due to different materials, energy, and equipment are employed during the 
construction and operation stages [11]. Many studies have been focused only on the evaluation of 
environmental impacts during the electricity generation (i.e. operation phase), in the different types of 
hydropower plants (reservoir, run of river, and pumped) employing a life cycle assessment; however, the 
different phases during the lifetime of the plant and a comparison with traditional environmental impact 
assessment has been rarely done [12]. 

The life cycle assessment (LCA) is an analytical method to identify the resources flows and different 
environmental impacts associated with the products and services during their entire lifetime[12,13]. This 
methodology considers products and technologies from a “cradle to grave”. It can contemplate the raw 
materials extraction, processing, manufacturing, and use to final disposal [15]. This methodology is one of the 
most actual tools to carry out environmental impact evaluation and analysis for many process, system and 
products. This also can help to take decision in organization, industries and governments [16]. It is 
standardized by ISO 14040 [16–18]  

Actually, few LCA studies evaluate hydropower plants focused in a reservoir [11]. In South America most of 
the analysis are located in Brazil focused on large hydropower plants [18,19]. This current study considers 
LCA methodology and RECIPE 2016 method applied in Ivirizu project which is a cascade hydropower plant 
that combines a reservoir and run of river plants. This is located in a tropical region in Bolivia. The main 
objective to determinate the environmental impacts during 1 KWh electric energy generation and create a 
detailed life cycle inventory (LCI) with the aim of having the real conditions, inputs and outputs flows. A 
comparison between the impacts with the grid conventional electricity generation and a comparison with the 
results of the conventional Environmental Impact Assessment method are also presented. 

2. Materials and method 

2.1. System description 

Ivirizu hydropower project is located in the tropical region of Cochabamba, inside the limits of National Park 
Carrasco, in Bolivia. The power capacity installed is 290.21 MW. This plant is a cascade model. It is shaped 
for two plants, Sehuencas (reservoir plant) and Juntas (run of river plant). Figure 1 shows where the different 
parts of Ivirizu project are planned. The main purpose of this project is to generate electricity and it is still in 
the construction phase. 

Sehuencas is the first plant, it is a reservoir plant with a dam to form a reservoir with a volume of 29.48 Hm3. 
The water is transported 5.98 km through a concrete-lined tunnel and reaches a balance chimney with a height 
of 95.45 m, which balances the air pressure between the plant and the atmosphere. This is connected to a 
penstock with a length of 1.51 km that leads to the power house, where three hydro turbines, generators, and 
machines are located. The electricity generated is then transported to a substation. The second run of river 
plant, Juntas, is located 10 km from Sehuencas and it has an intake structure located in the Ivirizu river. It 
features elements such as a gravity diversion weir, right bank intake and drain, sediment traps with a flow of 6 
m3/s, a flow regulation float with a capacity of 40000 m3, and a tunnel intake. To this intake structure also is 
transported the turbines water from Sehuencas through a discharge canal. The water flow is transported inside 
a tunnel that it is armored in the final part and then connected to a balance chimney and penstock, which 
transport the water flow to the power house where two Francis turbines are located. Both power plants have a 
substation where the electric generation tension of 11.50 kV is increased to the transport tension of 230 kV 
before being transported to Mizque substation and then to the International System Transmission [9]. The 
technical details of the Ivirizu hydropower plant are listed in Table 1. 

Table 1.  Description of Ivirizu Hydropower plant  

Characteristics UN Sehuencas Juntas 

Installed Capacity MW 198.66 91.55 

Type of Plant  Reservoir Run-of-river 

Turbines UN 3 2 

Type of turbine  Pelton Francis 

Annual Power Production GWh 805.29 355.6 

Design flow rate  m3/s 26.50 32.50 

Heigh  m.a.s.l 1340 1009 

Water head m 843 326 



 

 

 

Figure. 1.  Geographical location of Ivirizu hydropower plant in Bolivia [9] 

2.2. Goal and scope definition  

The primary objective of the study was to assess the environmental impacts associated with the generation of 
1 KWh of electric energy in a hydropower plant located in Bolivia, using a cradle-to-grave approach and Life 
Cycle Assessment (LCA) methodology in accordance with ISO 14040 guidelines [18]. This research also aims 
to create a comprehensive life cycle inventory data, considering all the materials, equipment, transportation, 
and energy used throughout the entire life cycle. The emissions generated because of decomposition of 
biomass in the flooded area were also analyzed. All these factors were calculated based on 1 KWh generated 
defined as the functional unit. 

2.3. System boundaries  

The overall system boundary is presented in Figure 2. The system boundary includes five phases: construction 
(buildings, camp, equipment installation, gravel and sad extraction, roads and transmission network), 
operation, maintenance, transportation and disposal step. The preconstruction activities like deforestation for 
infrastructure development, materials, energy use from land preparation, materials extraction were part of the 
construction phase. Operation covers energy and materials require in this step, the emission caused for the 
biomass decomposition was also determined. The maintenance phase covered the materials throughout the 
lifespan of the hydroelectric plant.  The lifespan of this plant is 50 years according to ENDE Corporation [9]. 
For the disposal phase was just considered the transport of recyclable materials, equipment and waste to a 
treatment place.  

2.4. Life cycle Inventory Analysis (LCI)  

The life cycle inventory (LCI) collect physical information of input and output flows such resources, materials, 
semi-products, products and the output of emissions [20]. Two kind of data are usually considered; one is the 
information obtained from the companies that design the plants. The second one is data acquired from different 
international database and adapted to study case like Ecoinvent [13]. In this study, the inventory considers 
both type of data and it is described for the five steps to generate 1 KWh of electric energy. Assumptions and 
limitations are described for each step and all data is presented in Table 2. 

Construction:  This phase includes the building work, equipment installation, road and camping building. Land 
preparation using explosives, raw material extraction in the place were considered in this stage. The building 
work contemplated the dam, penstock, powerhouse, balance chimney, substation, transmission network, 
waterway canal, etc. of both plants that make up Ivirizu. A diesel generator was considered to provide the 
required electricity for the equipment used in the construction zones. Ecoinvent data was considered for the 
diesel generator inventory. Different equipment and components used such generators, turbines, bridge crane, 
dampers, valves, etc. were discomposed in materials such steel. The description of each building works, 
materials, electromechanical and hydromechanical equipment were obtained from the final design study of 
Ivirizu, proportioned for ENDE Corporation.    
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Figure. 2.  System boundaries 

Operation: This step requires just water flows for electricity generation; the value was achieved from the final 
design of Ivirizu project proportioned by ENDE corporation. The biogenic emission that are generate due to 
the degradation of biogenic carbon in reservoirs was included. This is produced by oxidation of organic carbon 
from biomass, organic carbon matter in soil, or sediments [21]. These were estimated using the methodology 
presented by Hertwich [21] in the Eq. (1), this model calculates biogenic carbon dioxide and methane emission 
per 1 kWh. 

      𝑙𝑜𝑔 𝐸 = 𝑐𝑜𝑛𝑠𝑡 + 𝐵𝐿𝑎𝑛𝑑 𝑢𝑠𝑒 × 𝑙𝑜𝑔(𝐿𝑎𝑛𝑑 𝑢𝑠𝑒) + 𝐵𝐴𝑔𝑒 × 𝐴𝑔𝑒 + 𝐵𝑁𝑃𝑃 × 𝑙𝑜𝑔 (𝑁𝑃𝑃)                 (1) 

Where E represents the emission estimated (CO2 or CH4), land use is referring to reservoir flooded area, age 
is the reservoir lifetime, NPP is the net primary production. Const, BLand use, BAge, and BNPP are constants for 
CO2 an CH4 described in [21]. The age is 50 years, and land use is 8.67E-4 m2 calculated for 1 kWh. Both data 
were obtained from Ivirizu final project. NPP is 40000 gC/m2y, employed by Villarroel et.al map [22]    

Maintenance: The lubricant oil necessary to perform a good operation for the equipment was considered. The 
replacement of turbines or generators was not included. The life time for this equipment were assumed to be 
the same as the hydropower plant. The lubricant data for this step was used from Ecoinvent. 

Disposal:  This step refers to the recollection of waste mineral oil and the transport to a treatment place, which 
is considered in this case to be Cochabamba city. After the lifetime of hydropower plant, the infrastructure is 
assumed to be abandoned but after the siltation of the lake and the dams. The adit systems will not be 
transported or demolished. The disposal of gravel, cement and reinforced steel were assumed from Ecoinvent 
data. 

Transportation: This includes the transport of different materials used during the construction, maintenance, 
disposal and the transport of equipment to the plant site considered a freight lorry.  The international 
transportation was not considered because this information is not available and therefore all the materials were 
assumed that were located in Cochabamba city, at the distance of 140 km. The transport process was 
employed from Ecoinvent database.   

2.4. Life cycle Impact assessment (LCIA)  

In this step the purpose was to quantify the environmental impacts of all inventory data recovering in the LCI 
[16] using the RECIPE 2016 method that evaluates 18 midpoints and 3 endpoint levels [23]. Characterization 
factors at the midpoint level are located somewhere along the cause-impact pathway, usually at the point after 
which the environmental mechanism is identical for each environmental flow assigned to that impact category. 
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The endpoint level reflect damage at one of three areas of protection which are human health, ecosystem 
quality and resource scarcity [24]. The computation of the environmental impacts was done in the SimaPro 
Version 9.4.0.2 software [25]. 

Table 2.  LCI data for Ivirizu hydropower plant on 1 kWh of electricity for 50 years lifetime 

Variable Unit Sehuencas Juntas Ivirizu 
Total per 
1 KWh 

Construction       

Volume occupied, reservoir m3 2.95E+05  2.95E+05 5.08E-04 

Land use  m2 4.90E+06 1.8E+06 5.41E+06 9.32E-05 

Explosive kg 2.83E+04 1.25E+04 4.09E+04 7.04E-07 

Water kg 1.97E+08 8.70E+07 2.84E+08 4.89E-03 

Sand kg 3.06E+08 1.36E+08 4.42E+08 7.62E-03 

Grave kg 4.89E+08 2.17E+08 7.07E+08 1.22E-02 

Stone kg 2.60E+07 1.16E+07 3.76E+07 6.47E-04 

Cement kg 1.78E+08 7.97E+07 2.57E+08 4.44E-03 

Reinforcing Steel kg 1.53E+07 6.83E+06 2.21E+07 3.81E-04 

Steel low alloyed kg 8.07E+05 3.61E+05 1.17E+06 2.01E-05 

Steel - equipment kg 4.86E+05 4.36E+04 5.30E+05 9.13E-06 

Diesel kg 3.37E+07 1.49E+07 4.86E+07 8.37E-04 

Lubricant kg 1.25E+05 5.51E+04 1.80E+05 3.10E-06 

  Emissions      

  Particulates, < 2.5 um kg 5.92E+04 2.62E+04 8.54E+04 1.47E-06 

  Particulates, > 10 um kg 6.85E+05 3.03E+05 9.88E+05 1.70E-05 

  Particulates, 2.5 -10um kg 2.60E+05 1.15E+05 3.75E+05 6.46E-06 

  Water m3 1.66E+05 7.35E+04 2.40E+05 4.13E-06 

  Emissions to Water m3 1.67E+05 7.39E+04 2.41E+05 4.16E-06 

  Carbon Dioxide kg 1.05E+08 4.64E+07 1.51E+08 2.61E-03 

  Carbon monoxide kg 9.02E+05 3.98E+05 1.30E+06 2.24E-05 

  Nitrogen oxides kg 1.90E+06 8.38E+05 2.73E+06 4.71E-05 

Operation      

Water flow m3 1.93E+10 2.27E+10 4.21E+10 7.21E-01 

  Emisions       

  Carbon dioxide, biogenic  kg 4.35E+08  4.35E+08 7.49E-03 

  Methane, biogenic kg 2.38E+05  2.38E+05 4.10E-06 

  Water/m3 m3 1.18E+09  1.18E+09 2.03E-02 

  Emissions to water m3 1.82E+10 2.277E+10 4.09E+10 7.04E-01 

Maintenance      

Lubricant kg 3.04E+05 1.34E+05 4.39E+05 7.56E-06 

Disposal      

Waste reinforced concrete kg 2.60E+09 1.15E+09 3.74E+09 6.45E-02 

Waste mineral oil  kg 5.15E+05 2.27E+05 7.42E+05 1.28E-05 

Transportation       

Truck transport Tkm 1.25E+09 5.50E+08 1.80E+09 3.10E-02 

Diesel Kg 8.92E+05 3.94E+05 1.29E+06 2.21E-05 

  Emissions      

  Carbon dioxide, fossil kg 7.79E+07 3.44E+07 1.12E+08 1.93E-03 

  Carbon monoxide, fossil kg 1.20E+05 5.30E+04 1.73E+05 2.98E-06 

  Nitrogen oxides kg 6.33E+05 2.79E+05 9.12E+05 1.57E-05 

  Sulfur dioxide kg 3.98E+02 1.75E+02 5.73E+02 9.87E-09 

 



3. Results and discussion 

3.1. Life Cycle Interpretation 

This is the last stage of LCA, where results are summarized and discussed according to ISO 14043 [26]. 

▪ Midpoints impacts  

The average midpoint impact contribution of life cycle phases of Ivirizu hydropower plant is presented in Figure 
3. The construction was the mayor contributor on seventeen environmental impacts with more than 98% in 
each one. This was due to the use of different materials required like diesel for electric generation, for the 
machinery used and for the raw material extraction.  

The operation step had 99.73% of contribution in the water consumption equivalent to 2.03 E-02 m3 per 1 
KWh. The construction step just increased the water consumption in 5.42E-05 m3 per 1 KWh. The construction 
phase contributed with 98.00% to the global warming and the operation phase with 0.97%. Those are due to 
the diesel used for machinery and for the electricity generation in the construction step and the biogenic 
emission during the operation step. The value of CO2 in the global warming midpoint impact is similar to other 
hydroelectric plants quantification [27]  

The mayor impacts in the maintenance phase were the Ionizing radiation and Fossil resource scarcity due to 
amount of the lubricant use in different equipment. For the transportation step, the mayor impact was the 
terrestrial ecotoxicity because of diesel employed during material transportation. The disposal was the step 
with the minor impact contribution, because it is just the recollection of materials to a treatment place.   

Comparing the results with other authors in [11,28,13,29] construction phase was the mayor contributor to the 
environmental impacts and the second one was the operation even considering than in those studies the 
lifetime was among 50 to 100 years. Ecoinvent database for all hydropower plants assume 150 years of 
lifetime. Therefore, a sensitivity analysis for different lifetime years is presented below.  

 

Figure. 3.  Midpoints impacts results of 1 kWh hydropower electricity in Ivirizu 

▪ Endpoint impacts  

The endpoint results are presented in the Figure 4. The construction and operation phases had mayor damage 
in human health with 71.17% and 28.28%, respectively. The first one increased de problems in respiratory 
diseases and different kind of cancer with 2.81E-08 DALY due to the type of materials employed. The operation 
increased human health damage in 1.11E-08 DALY due to the biogenic emissions which change the water 
characteristics.    

The damage in the ecosystems was 65.10% for the construction phase and 34.31 % for operation phase, this 
last was equal to 3.13E-11 species.yr induce for the water use and biogenic emission origins damage the 
freshwater, terrestrial and marine species during the electricity generation.  

The construction phase had the mayor contribution in damage to resources availability with 98.16%. This 
increases the cost in mineral extraction, oil, gas, coal and energy in 8.52E-04 USD2 013 due to this phase 
uses many and different materials including the raw materials extraction.  
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Figure. 4.  Endpoints impacts results of 1 kWh in Ivirizu 

▪ Construction  

The results presented before shows that the construction phase had mayor impacts during the electricity 
generation. Due to the large amount and type of materials used and building process. Figure 5 presents the 
midpoints impacts for construction steps and materials. The mayor impacts were produced for diesel employed 
to generate electricity to satisfy the demand during the construction phase where Stratospheric ozone 
depletion had 1.51E+02 kgCFC11eq, Ozone formation Human health had 2.46E+06kgNOx eq and Ozone 
Formation Terrestrial ecosystems had 2.48E+06 kgNOxeq. The first two increases the damage to human 
health and the last one increases the damage in ecosystems in 36.57% and 37.74 %, respectively. But, the 
mayor effect was presented in the damage to resources which increases the cost in 43.15% during the 50 
years because of minerals and fossil scarcity. 

Water consumption impact increased more due to grave use; this was because the raw materials extraction 
was considered to be in the same place.  

The impacts due to fabrication had more impact in the land use with a 7.31E+7 m2a crop eq, this is due to 
activities the construction area. 

 

Figure. 5.  Midpoints impacts results for Ivirizu hydropower plant construction 

3.2. Sensitivity analysis 

▪ Hydropower Lifetime  

According the final design of Ivirizu project, the lifetime is 50 years. This value in Ecoinvent database for 
different hydropower is 150 years and other studies consider 100 years. It depends of each hydropower plant 
information. Therefore, the endpoint impacts for different lifetimes were evaluated. The results presented in 
Figure 6 show the decrease of environmental impacts with a mayor lifetime. The mayor reduction in 
comparison with the 50 years lifetime was for the damage to resources in 37.30%, 49.74% and 66.32 % in 
comparison to the lifetimes of 80, 100 and 150 years, respectively. For damage to human health and 
ecosystems, the decrease for the lifetime of 150 years is 55.59% and 54.23%, respectively. These results 
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show that environmental impacts for the electricity generation in the hydropower plants can be reduced when 
the lifetime is increased due to the impacts are distributed during these years.    

  

Figure. 6.  Endpoint impacts 50, 80,100 and 150 years of lifetime  

3.3. Comparison between hydroelectricity Vs Grid electricity generation   

The electricity generated in Ivirizu during the operation phase is compared with the conventional grid electricity 
options in this section. Ecoinvent database for a conventional natural gas and an oil-based power plants were 
used. The results presented in Figure 7 shows the environmental impacts for 1 KWh. In most of the midpoint 
impacts, natural gas and oil power plants were higher than the hydropower plant but the water consumption. 
This is due to water was the principal flow inside the hydropower plant for the electricity generation.  

 

 

Figure. 7.  Comparation between Hydroelectricity vs grid electricity generation 

3.4. LCA vs EIA 

The results of the traditional environmental impact assessment (EIA) of Ivirizu and the LCA performed in this 
study were analyzed in this section. The EIA of Ivirizu hydropower plant project includes the identification and 
assessment of the foreseeable effects on the socio-environmental aspects inventoried in the baseline, taking 
the area of influence as a reference [30]. Table 3 presents the results of the EIA where the environmental 
importance is describing according to the following scale:  

o Less than 25 are irrelevant or compatible with the environment.  

o Between 25 and 50 are moderate impacts.  

o Between 50 and 75 are severe. 
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o More than 75 are critical. 

According the results show in Table 3, the EIA considers four steps: 1) construction, 2) operation and 
maintenance, 3) abandon and 4) induced future. Where the construction and abandon step have several 
impacts in terrestrial flora, fauna, and ecosystems. LCA considers also the same steps except the induced 
future.  

Table 3.  Ivirizu Environmental Impact Assessment (EIA) 

Environment  Attributes Construction 
Operation and 
maintenance 

Abandon  
Induced 
Future  

PHYSICAL 

Particulate Matter 32 22 32 24 

Combustion gases 26 20 26 24 

Noise 25 38 25 24 

Erosion 36 24   

Instability of slopes 32    

Soil contamination 37 32 37  

Compaction 34 24 34 23 

Change in morphology 23 24   

Sedimentation 23 24   

Flow rate variation 30 39 30  

Surface water quality 32  32  

BIOLOGICAL 

Loss of vegetation cover 35    

Aquatic flora 36 36 36  

Terrestrial flora 66  48 20 

Birds 26 25   

Terrestrial fauna 58 28 58 20 

Aquatic fauna 48 46 48 20 

Ecosystems and landscape 66 32 42  

SOCIO-
ECONOMIC 

Affectation of public and private 
properties 

18    

Health and safety (population) 33 20 24  

Industrial Safety and Occupational 
Health 

33 30 33 22 

Current land use 47    

Job creation 32  32 25 

Tourism and recreation potential 19   28 

Archeology and cultural heritage 32 21 32  

Improvement of the local economy 26 24   

 

Table 4 presents an identification of the major impacts using both methodologies. By applying EIA, several 
impacts on terrestrial flora, fauna and ecosystem in the construction step were identified to impact with more 
than 50 points. Those were related to have more impact on the biological environment. While by applying a 
LCA, the mayor damage was on human health; where 51.42% was due to contribution of global warming and 
31.64% was due to contribution of fine particulate matter formation. But, when comparing the results of both 
methodologies, the particulate matter formation had a moderate punctuation in the EIA, this impact, according 
to the quantitative data provided by the LCA, should have a severe punctuation because in one of the mayor 
contributors. The damage on the resources due to fuel scarcity that can increase the cost in 98.12 % of the 
fuels and it is significant but this aspect is not evaluated in the EIA. The damage on ecosystems were 55.34% 
for global warming that affect the terrestrial ecosystem. This impact had also a severe punctuation in the EIA. 
The operation and maintenance step according to the EIA had severe impacts in aquatic fauna. While for LCA 
shows a mayor damage on ecosystems due to water consumption and global warming impacts. Those are 
related with EIA because of the impact on the water have effects on the aquatic fauna. The Abandon step 
according EIA have severe impacts on terrestrial fauna but according to the LCA, this step contributes less to 
the impacts and trigger more impact in the damage to resources. In this step, LCA analysis is considered as 
the recollection of materials to the treatment place and EIA considers the demolition of the central.  

EIA considers social and economic variables like neighborhood disturbances or economic benefits which are 
very important for the public acceptability of projects [31]. But, it is limited for the objectives or the study. Global 
impacts are not considered during the evaluation while LCA considers that [32] EIA also presents qualitative 
results that depends on the judgment of an expertise while LCA not [31] Both methodologies can be 
complementary tools [32,33] and provide more information for decision making.   

 



 

 Table 4.  EIA and LCA results comparison  

Phases 
EIA 

Identification of main local 
pressures/concerns (qualitative): 

LCA 
Quantification of the impacts 

Construction 
Terrestrial quality 
Impacts on flora, fauna, 
ecosystems and landscape 

- Climate change 
- Fine particulate matter formation 
- Fossil resource scarcity 

Operation and 
maintenance 

Impact Aquatic fauna 

- Water consumption 
- Global warming 
- Fossil resource scarcity 

Abandon Terrestrial fauna 

- Global warming 
- Fossil resource scarcity 
- Fine particulate matter formation 

 

4. Conclusion  

The LCA presented in this study, demonstrated that the construction phase of a hydropower plant has the 
largest impact in most of the mid-point environmental indicators. The contribution to global warming was, for 
this phase, of around 98% while for the operation phase was 0.97%. Fine particulate matter formation, water 
consumption and global warming are the main impact categories contributing the largest to human health 
damage. The last two of the midpoint indicators mentioned are also the mayor providers in the damage on 
ecosystems. Fossil resource scarcity is the mayor contributor in the damage on resources due to the large 
amount of diesel requirements in the construction step. The environmental impacts of the hydropower plant 
case decreases with a mayor lifetime. The damage on resources decreases of about 66.32 % when 
considering a lifetime of 150 years compared with 50 years showing that for this stage the impacts are 
distributed along the lifetime. The damage in human health and ecosystems reduce in 55.59% and 54.23%, 
respectively, for the same comparison of lifetime years. The impacts when comparing a hydropower plant with 
conventional fossil fuels plants are decreased in all the categories but the water consumption due being used 
for the electricity generation. The use of LCA as a complementary tool for traditional environmental assessment 
could provide quantitative relevant data. 
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Abstract: 
This work presents a tool for developing competencies in sustainability, focusing on evaluating the 
environmental impact and carbon footprint in schools. The tool is based on sustainability indicators and follows 
a methodology derived from the ClimAct and ECF4CLIM projects. It is conceived as a support for the users 
and the schools to identify and evaluate the relative impact of different actions and measures, to engage them 
in a sustainable pathway to low-carbon schools supporting their decision-making at the different levels of users. 
The areas are transport, waste, green procurement, green spaces, energy, water, and indoor air quality. The 
tool aims to support users and schools in identifying and evaluating the impact of various actions and 
measures, facilitating decision-making for a sustainable and low-carbon school environment. To quantify 
sustainability performance, Key Performance Indicators (KPIs) have been established for each area. The 
results from schools that tested the tool revealed low scores in green procurement (0.59/5) and water (2.03/5), 
while achieving higher scores in green spaces (3.46/5) and indoor air quality (3.92/5). These findings highlight 
the areas where improvement is needed and provide a basis for targeted interventions. Developed on the 
PowerApps platform, supported by Microsoft, the tool allows access to users of different ages and knowledge 
levels. It has been successfully tested in six schools in Andalusia, Spain, obtaining relevant results in the seven 
sustainable areas defined. Based on the results, this tool will be used within co-creation and co-implementation 
processes for more sustainable schools and competencies acquisition by the participants. 
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1. Introduction 
Innovation in sustainable education is a critical issue to consider for the formation of present and future 
generations. Developing tools that facilitate acquiring sustainable skills is fundamental to achieving these 
objectives. The development and promotion of sustainability education have become one of the key challenges 
to be addressed within European society, especially in the wake of the Paris Agreement [1], which recurrently 
calls for a society that lives and works in a sustainable way. The measures and policies were developed to 
enhance society's development to promote a low-carbon economy. To this end, programs have been 
developed ranging from the countries involved in the agreement to measures that affect the entire European 
community. The incentivization of programs that allow society to develop sustainably is a priority to achieve 
the objectives set out in the Paris Agreement. Programs such as Horizon 2020, promoted by the European 
Union [2], have encouraged the promotion of activities that favor sustainable development, seeking to 
strengthen the relationship between science and society by encouraging, among other things, the participation 
of civil society [3]. 
Considering the importance of developing sustainability competencies, the value of education as a 
fundamental tool to achieve the proposed objectives is emphasized. Developing sustainability competencies 
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in schools is one of the main ways to promote a low-carbon society. Considering that, in areas such as southern 
European Mediterranean countries, more than half of the buildings used for school use predate 1990 [4], and 
taking into account the social situation surrounding schools, there are opportunities to design strategies to 
trigger action in schools. In order to assess the adequacy of knowledge and skills transfer to schools, it is 
necessary to design indicators through which sustainability parameters can be determined [5]. To this end, 
within the framework explained above, projects such as ClimAct [5] have been developed, where a 
methodology has been implemented for the development of sustainability competencies that have been 
evaluated by measuring a series of indicators, applied in different schools in Spain, Portugal, France, and 
Gibraltar. The application of a methodology for monitoring and ensuring adequate knowledge acquisition and 
monitoring progress through indicators is a key tool for developing sustainability competencies in educational 
communities [6]. 
Taking into account the need to apply methodologies in schools to create a sustainable society, and taking 
advantage of the impetus offered by European projects such as ECF4CLIM - A European Competence 
Framework for a Low Carbon Economy and Sustainability Through Education, the use of computer 
applications was proposed with the aim of facilitating the transmission of knowledge and the application of 
methodologies to support sustainability, which is capable of providing support and content at all possible 
educational levels, from the beginning of the educational process to the higher stages [7]. The use of platforms 
developed by Microsoft for the development of multi-platform applications makes it possible to create tools that 
meet the proposed needs [8]. Combining the determination of performance indicators as well as the use of 
these results as support material for education, a tool has been designed within the PowerApps environment 
from Microsoft [9]. The purpose of the application developed is to allow the centres to self-audit their 
sustainability level and opportunities for improving it within their circumstances. The goal of this work it’s to 
develop and validate a tool for improving the competences in sustainablity in schools, reducing at the same 
time the carbon fotprint due to the institution diary activity, using for this purpose, a testing process executed 
in six andalusian schools. The application is conceived to be used at all educational levels with different access 
levels. The tool allows for assessing the impact of the different actions. Combining the use of the methodology 
and the creation of the platform developed, we bring to schools a novel tool for identifying and developing 
sustainable competencies in students, supported by a friendly interface. As a consequence, the co-creation 
and co-implementation by the students, teachers and managers are expected to allow the acquisition of 
individual and global competencies in sustainability during the process. [6] The structure of the paper is the 
following. First, the methodology for sustainability skills acquisition is described. Then the structure of the tools 
is presented. Follows the application case to 7 seven schools in Andalusia. Finally, the main results of the 
application case and discussion are presented.  
 

2. Methodology 
The tool covers a wide range of sustainability aspects divided into seven areas. KPI behaviour indicators are 
defined for each area based on the specific school data (such as, for example, the number of students or area 
covered). These areas are [6]: Transport, Energy, Water, Garbage, Indoor Air Quality (IAQ), Green Spaces 
and Green Supply. The KPIs values provide a quantitative evaluation of different sustainability branches 
related to the school. It allows the analysis of discussion about the potential actions for improving them, if 
possible, and their implications. The methodology looks for analysis and debate about the sustainability areas 
to be improved and the evaluation and proposal of specific actions. The KPIs quantify the impact and provide 
a reference for assessing the departing point and evolution and the situation compared with other schools to 
identify the real range of the indicators and their adjustment. Once a roadmap with specific measures is 
defined, the centres will apply the appropriate actions. After their implementation, the results of the indicators 
will be reviewed again, being able to identify changes. Throughout this process, all the participants will develop 
sustainability skills. In addition to skills in sustainability, skills will be developed and acquired around the 
realisation of small-scale projects, which will allow for marking the objectives of the measure and identifying 
necessary resources.  
 
2.1. ECF4CLIM Sustainability indicators 
Behavioural indicators (KPIs) as support for decision-making is a common practice that aims to carry out 
actions more efficiently or sustainably. The study carried out and modelled in the PowerApps application is 
based on sustainability indicators whose concept was defined within the ClimAct project [5]. In total, 27 scores 
were defined, evaluating aspects related to 7 areas of sustainability. The areas of sustainability for this project 
are Water, Energy, Transport, Green Procurement, Green Areas, Garbage, and Indoor Air Quality. 34 KPIs 
distributed in the aforementioned sustainability areas were defined to calculate the scores. Table 2 breaks 
down the definition of the indicators used. Their calculation provides a normalised score in the range between 
0 and 5.  
 



2.2. Development of sustainability competencies 
A five-step methodology has been developed to acquire capacities in sustainability by the educational 
community effectively. Sustainability indicators support the process, providing quantitative values for 
assessing the impact of the different steps and to guide the participants. For the correct execution of the steps, 
different groups of students will work as a team, carry out the audits, propose and implement measures, 
evaluate the departing and final situations, and evaluate the impact of the actions. The steps for the application 
of the methodology are as follows: 

1. Determination of the initial situation: The methodology starts with evaluating the departing situation 
through auditing the centre based on the defined sustainability areas. Templates and forms are 
provided to guide the data collection process, providing an explanation of the different aspects related 
to the data collected. Different working groups will focus on specific areas collaborating to cover the 
whole set.  

2. Evaluation of the initial situation: Audit results are analysed and evaluated by the groups, either jointly 
or separately, identifying those aspects in which the school has the potential to improve. The working 
groups validate the results and discuss the improvement capacity in relation to the current situation of 
the school.  

3. Co-design of measures to improve sustainability: After completing previous steps 1 and 2, the working 
groups interact with the rest of the scholar community (students, teachers, administrative) to generate 
a list of possible measures to implement in the centre. From that list, measures are proposed and 
selected. The working group develops a specific implementation project for each action, defining the 
activities, schedule, milestones, resources and expected impacts. The selection includes the 
evaluation of their feasibility by the management of the centre. 

4. Co-implementation of approved measures: The working groups execute the selected projects. Tasks 
are distributed as a function of the educational level of the participants with external support.  

5. Determination of the impact of the measures implemented: The impact of the implemented measure 
is evaluated. In this phase, the cycle will be closed, returning to the initial phase through the completion 
of the audit.  

The implementation of the methodology promotes the acquisition of competencies in sustainability by the 
students and staff participating. They evaluate, measure, analyse, discuss, propose and execute different 
aspects of sustainability in the centre. It generates individual and collective competencies in each stage.  
 
3.3 Key Performance Indicators 
The impact of the measures through the analyses is identified using indicators to take decisions. The 
Sustainability  Key Performance Indicators used are defined in the table shown below: 

Table 1. Definition of KPIs used. 

Sustainable area Environmental pillars Key Performance Indicators 
Transport Car park KPI-T1. No. of parking spaces for electric cars at school or 

periphery per student (up to a 100m radius) 
Transport Car park KPI-T2. No. of parking spaces for bicycles at school or 

periphery per student (up to a 100m radius) 
Transport Public transport 

network 
KPI-T3. No. of public transports passing daily per hour (1000 
m radius) 

Transport CO2 emissions KPI-T4. Annual CO2 Emissions per student (kgCO2/student) 
Green 
procurement 

Equipment efficiency KPI-GP1. No. of equipment A+ or higher EU Energy Label 
per total no. of equipment 

Green 
procurement 

Paper usage KPI-GP2. Annual paper usage in school per student 
(kg/student) 

Green 
procurement 

Paper usage KPI-GP3. Recycled paper usage in school (kg recycled /kg 
consumed) 

Green 
procurement 

Training in green 
procurement 

KPI-GP4. No. of staff with training in green procurement per 
total no. of staff 

Green 
procurement 

Organic food KPI-GP6. Food with biological certificate (kg food with 
biological certificate/kg total food) 

Green 
procurement 

Suppliers KPI-GP7. Local suppliers (No. local suppliers /total suppliers) 

Green spaces Green areas KPI-GS1. Number of trees per non-covered area (m2) 
Green spaces Green areas KPI-GS2. Number of trees per student (student1) 
Green spaces Green areas KPI-GS3. Green area per non-covered area (%) 
Green spaces Green areas KPI-GS4. Green area per student (m2/ student1) 



 
The combination of each indicator in each sustainable area, gives a result between 0 and 5. A tool for their 
evaluation, analyses and discussion has been developed to support the process [5]. Main characteristics are 
described in the next section. 
 

3. Sustainability KPIs Tool  
This section describes the tool developed to support the methdology in the schools.  
3.1. Platform description 
The tool has been developed based on the combination of two Microsoft solutions, PowerApps and Power 
Automate[10], tools designed to support the creation of applications. Both applications were framed in an 
environment created in Azure [11], where user management and license assignment were carried out [12]. On 
the other hand, database management was carried out for the calculations of indicators and monitoring of the 
studies from the SharePoint platform [13]. The interaction within the platform is described in the scheme of 
Figure 1:  

  
Figure 1.- Application situation diagram. 

The use of Azure allowed the management of users, licenses and permissions. Different access levels are 
provided as function of the user’s profile. From the user's point of view, authentication is done with the Microsoft 
user [14], which contains all the requirements that are requested for access.  
3.2 Sustainability areas 
For each of the seven sustainability areas, the application works independently. Their specific information is 
introduced into the study gradually. The data submenus include the possibility to edit or delete the information 

Green spaces CO2 sequestration KPI-GS5. Annual CO 2 sank per non-covered area (kgCO 
2/m2) 

Green spaces Use of chemicals KPI-GS6. Total kg of chemicals used for green area 
maintenance (kg/m2) 

Green spaces CO2 emissions in 
maintenance 

KPI-GS7. Annual CO 2 emissions for the space maintenance 
of non-covered area (kgCO 2/year.m2)) 

Energy Energy consumption KPI-E1. Annual final energy consumption per area (kWh/m2) 
Energy Energy consumption KPI-E2. Annual final energy consumption per student 

(kWh/student) 
Energy Use of renewable 

energy  
KPI-E3. Renewable energy production (%) 

Energy Energy cost KPI-E4. Annual energy cost per m 2  (€/m2) 
Energy Energy cost KPI-E5. Annual energy cost per student (€/student) 
Energy CO2 emissions KPI-E6. Annual carbon footprint per student (kgCO2/student) 
Water Water consumption KPI-H2O1. Water consumption (m3/m2)  
Water  KPI-H2O2. Water consumption (m3/student)  
Water Water cost KPI-H2O3. Water cost (€/m2)  
Water  KPI-H2O4. Water cost (€/student)  
Waste Waste produced KPI-W1. Volume of waste produced (non-recyclables and 

reusables (m3/student) 
Waste Waste recycled KPI-W2. Volume of waste recycled (m3/student) 
Waste Waste reused KPI-W3. Volume of waste reused (m3/student) 



entered. School’s codes are used to define common characteristics for different studies or users(i.e. buildings 
parameters). Data introduction and navegation process are explained in the next schema: 

 
Figure. 2. Navigation scheme of the application. 

The application is divided between the data collection part and the sample of results through colours (Blue – 
data menu; Green – calculations menu). The operation of the application is the same in all areas of 
sustainability. After login into the application, school study cases are available. The Data menu, blue theme, 
shows the data introduction menus for the sustainability area to study. For the chosen sustainability area there 
is a gallery with the created studies (if there are any). New studies are created by pressing the "+" button at 
the top right of the screen. Existing ones can be viewed/edited by selecting them.  
The calculation menu (green theme), where the user, after creating a case in the data section, can represent 
the results of the sustainability indicators on a radar graph [15]. The application calculates the sustainability 
indicators based on the existing studies in the databases, allowing the creation of global studies and 
comparisons. Results are displayed in graphical and numerical form. 

3.3.1. Display of scores  
The general structure for visualising results is based on radar graphs representing the scores on the indicators 
related to the sustainability area studied, figure X: 
 

 
Figure. 3. Example of visualisation of results in the application. 

4. Example of real application of the tool in schools 



The objective of the application is to support schools in using the methodology for the acquisition of 
competencies. The application is being launched to the schools involved in the ECF4CLIM project, where the 
methodology will be implemented and assessed.  
4.1 Youth with researchers pilot experience 
The tool was tested in a pilot experience in 6 educational centres in Seville, Córdoba and Malaga (Spain). The 
context has been taken as the realisation of the 8th congress of the Youth with Researchers program convened 
by diferent organisations such as CSIC, SADC or US [16]. In this activity, 25 students from different centres 
interacted with University researchers during four seasons, developing research projects in four different 
groups related to different sustainability areas and applying the tool to different centres. The purpose was 
double, to identify the perception of the students about the tool, receiving their feedback,  and to evaluate its 
adequateness to the methodology. The projects were: 
1. Sustainable mobility in schools. Education, evaluation and proposals. 
2. Zero Waste Life. Towards a future in harmony with our planet. 
3. Air quality and renewable systems at school. 
4. Do we improve our yard? Bioclimatic strategies and environmental education applied in schoolyards. 
During the work sessions, students and teachers were guided in using the tool to support the analysis and 
discussion about measures that improve the sustainable behaviour of the educational community, covering 
with their activity the first three phases of methodology. The distribution of the participants in the activity  are 
presetned in the next table.  

Table 2. Schools participating in the JCI 2023 project. 

School Name  Location Type of school Nº of students 
involved in 
theproject 

School 1 Tomares, Seville Secondary and High 
School 

8 

School 2 Camas, Seville Secondary and High 
School 

2 

School 3 Camas, Seville Secondary and High 
School 

6 

School 4 Montequinto, Seville Secondary and High 
School 

4 

School 5 Ronda, Malaga Secondary and High 
School 

1 

School 6 Córdoba Secondary and High 
School 

4 

 
 
4.2 Results of the use of tool  
After the audit work carried out by the JCI project students, the students determined those aspects in each 
center in which they obtained a lower score. Based on this result, they proposed sustainability measures, 
which, in some cases, have begun to be implemented in the centre. During the four sessions developed in the 
Youth with Researchers program, the students have been able to handle the tool, from which they detected 
possible ways of improvement in the centre. They were able to propose projects to increase sustainability skills 
in certain aspects of the centres involved. The developed application was used for all centres in the seven 
areas of sustainability. Below are the results obtained for the IES Ítaca school as an example of the activity 
carried out. 
 



 
The students used the graphs of the different schools to discuss and obtain conclusions. First, they were able 
to interpret what information in the study had greater or lesser validity depending on the characteristics of the 
school. On the other hand, in areas such as Transport and garbage, students understood that there were 
sectors in which they could apply improvements. It was also detected that the use of the application in the 
specific area of garbage was not as expected since the students did not correctly understand the operation of 
this area of sustainability. Finally, the students who were working on the application could not have enough 
information concerning the generation of renewable energy in the centres, so they did not add that type of 
information to the study. However, in the case of School 1, they do have a photovoltaic installation in the 
school. Below is a graph summarising the results obtained in all centres by sustainability area. 
 

 
Figure. 5. Global results obtained in the centres by sustainability area. 

 
 

Figure. 4. Audit results for School1. 



The graph shows for each centre the overall score that summarises the 34 KPIs and the 27 scores in the 7 
areas of sustainability measurable in the application. From this graph, it is possible to determine the collective 
and specific behaviours of the educational centres studied. In the representation of the results, the centres are 
sorted by colours, as shown on the labels at the bottom of the graph. On the other hand, the means of the 
results have been represented together with the value of said result for all the centres studied, as well as the 
total score of each centre. Next, characteristics related to the origin of the data or the value that the students 
have provided through the work with the tool will be analyzed, so that, next, considerations made in each area 
of sustainability will be exposed. 
  
4.2.1.  Indoor Air Quality 
First, the performance in relation to Indoor Air Quality in the classrooms where the students worked was similar, 
considering that the measurements focused on determining CO2 concentration and temperature. In the 
schools 1 and 5, data on the concentration of different particles were available, thanks to previous 
measurements that were made through the ClimAct project, so these were added to the tool.  
 
4.2.2.  Waste 
On the other hand, there were centers where it was understood that the information related to the garbage 
section was not introduced as expected, since inconsistencies were detected in the results.  The approach of 
this area  of sustainability assumes that the  amount of waste recycled and reused will always be less than or 
equal to that produced according to the case. This fact was not correctly interpreted by all the students who 
used the tool, although in the follow-up sessions where the application was used, the results were discussed 
taking into account this fact.  In centers such as IES Ithaca, there is a garbage management system through 
which they were able to evaluate this area of sustainability. 
 

 
Figure. 6. Separation of garbage inside the IES ITACA center. 

 
The image shown corresponds to one of the corridors of the school, where there are differentiated bins to carry 
out the correct separation of garbage. In addition, as transmitted by teachers and students, the same 
separation system is carried out inside the classrooms, so that students could make measurements based on 
the information they took from their own waste management system.  
 
4.2.3.  Transport 
For this area of sustainability, a series of activities were carried out that served the students, among other 
things, to  raise awareness about the CO2 emissions that are undertaken by the simple fact of traveling to 
school. The access routes to the centers were also studied, as well as the availability of parking in the vicinity 
of the school. On the other hand, based on the results obtained, the students were able to discuss the transport 
network available in each case to access the school.  
Among the activities carried out in this area of sustainability, a survey was carried out that was introduced in 
the application, where each student could answer questions about the transport method used to access the 



school, as well as behavioral issues related to this topic.  The survey was shared with the students of the study 
schools to increase the data sample as much as possible, with the aim of characterizing the general behavior 
of the students in each school.  
 

 
Figure. 7. Results of the user behavior survey launched through Microsoft Forms. 
 
On the other hand, some notions related to the management of Google Earth and  Google My Maps were 
taught  with the aim that students could determine the position of the public network within a radius of 100m, 
500m and 1000m. From the maps generated, they were able to determine the number of bus, train and metro 
stations among others, as well as the determination of the number of parking spaces at different distances 
from the school. 
4.2.4.  Water 
For this area of sustainability, the students relied on the data available in the IES Ítaca and IES Martín Rivero 
centers in relation to the prices paid  for consumption for the determination of their expenses, based on the 
consumption data they were able to obtain. 
4.2.5.  Energy 
Within the development that the students made of the tool for this area of sustainability, they did not consider 
the part of the study dedicated to generation due to renewable facilities, although there are centers that do 
have a photovoltaic installation, as is the case of the IES Ítaca mentioned above. 
4.2.6.  Green Spaces 
To answer the questions posed in the study of green spaces, students had to perform tasks related to tree 
counting or determining the dominant species. Because they were unable to obtain information about the use 
of chemicals for maintenance, they did not answer those questions. That is why  in the grade entitled "Use  of  
Chemist" all schools obtained a score of 5, although the students debated about the subject, being aware that 
this result had no validity. For the determination of the  dominant tree species in the school, the students made 
use of the Google Lens tool, through which they could determine the scientific name, which they then selected 
in the application.  Finally, the determination of the score related to "Green Spaces" was obtained from the 
work done in determining the different types of surface that each school has.  
4.2.7.  Green Procurement 
Finally, for the sustainability area of green procurement, students focused their studies on questions related 
to suppliers, paper management and the energy level of equipment.  The questions  of the remaining three 
tags remained unanswered, so, in these specific cases, unlike what happened in Green Spaces, scores of 0 
were obtained.  Ittook into account, among other issues, that the  centers do not have a  dining room, so 
obtaining a result of 0 in "Biological food" did not imply the proposal of any improvement by the students. 
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4.3 Discussion of results obtained 
The purpose of the students in relation to the use of the tool, was to be able to detect aspects from which to 
propose measures to support the sustainability of the center, while developing the common project for the JCI 
contest. After  using the tool, and discussing the usefulness and validity of the results in a working session, 
those aspects in the areas of sustainability that needed a measurement proposal were chosen. For this, all the 
results obtained in the 6 centers were considered, reasoning the considerations made previously. 
 

 
Figure. 8. Sectors in the different areas of sustainability in which to propose measures. 

Making a summary of the process explained to obtain these results, the students audited their centres, entered 
the data in the application, and then compared the results obtained in the different centres. Once this task was 
performed, those centres in which the score was markedly different from the average were identified. Students 
noticed that, in certain respects, schools did not behave appropriately regarding sustainability. They also knew 
how to correctly interpret the results obtained since they understood that obtaining a low score in a specific 
indicator did not indicate a lack of sustainability skills or carrying out poor behaviour. Within the results 
obtained, they made an extraction of the graphs in which it was detected that the performance was not 
adequate. Based on the results obtained, improvement measures were proposed in the centres for which these 
scores had been detected.  
 

5. Conclusions 
Developing solutions that facilitate the development of sustainability skills in schools facilitates the learning-
by-doing process that should be carried out by the schools involved in the ECF4CLIM project. This paper 
shows the tool developed to support the analysis and discussion of sustainability-related actions in schools. It 
guides and simplifies the process of collecting and analysis of information, providing information in a visual 
and simple way. On the other hand, through the use of the tool in the JCI program for two months, errors in 
programming have been detected, and learning has been carried out to identify those points of the tool that 
have been more complicated to understand. The feedback offered by both the students participating in the 
project, as well as the professors and the support research staff, has been decisive in identifying ways for 
improvement. In relation to the learning method, the students have followed a process in which they have been 
developing skills that have helped them to develop four projects that will be exhibited in the 8th congress of 
Youth with Researchers, where the tool has been a transversal aspect in work developed. Within the stages 
defined in the method, the students have managed to complete the first two phases satisfactorily.  
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Abstract: 
The advanced flash stripper (AFS) is proven to have benefits in capital investment and energy saving 
for carbon capture plants using piperazine, whilst monoethanolamine is still the most used amine in the 
existing commercial carbon capture plants. The production and use of energy and material consumed 
during CO2 absorption and regeneration generate CO2. In this research, the 130-tonne daily CO2 
capture plants with conventional configuration and AFS configuration are simulated in Aspen Plus. Their 
total annualized costs are estimated to be 3.33 million USD and 2.87 million USD, respectively. The life 
cycle assessment is conducted to evaluate the environmental impacts from the cradle and grave of 
energy and materials consumed during carbon capture, showing 58% equivalent CO2 in flue gas is 
generated. 

Keywords: 
Carbon capture; Monoethanolamine; Advanced flash stripper; Techno-economic analysis; Life cycle 
assessment. 

1. Introduction 
Monoethanolamine (MEA) is the widely used amine solvent in commercial post-combustion carbon 
capture due to its high reaction rate with CO2, high carbon capture capacity and low cost [1]. Current 
study related to the amine-based carbon capture process concentrates on the improvement of energy 
efficiency. The Separation Research Programme (SRP) proposed a novel stripper configuration called 
Advanced Flash Stripper (AFS) [2] allowing further heat recovery and lower capital investment of the 
stripper, as the heat duty used to release by a condenser is now partially recovered by a cold bypass 
stream, and an in-situ reboiler is replaced with a cheaper steam heater. This configuration has been 
employed in the carbon capture process using 5 m or 8 m piperazine (PZ) [2]. However, the significantly 
high price of PZ may not be a threat to the position of MEA in the existing commercialized carbon 
capture plants. Also, the simple but ingenious configuration modification is promising to retrofit the 
existing plants with low capital investments. Moreover, the CO2 from flue gas is captured and 
regenerated in environmental concern, whilst energy and amine solvent is consumed in amine-based 
carbon capture processes, which may be accompanied by CO2 emissions again. The impacts of cradle 
and grave of materials and energy are often ignored in previous work. Therefore, this work aims to 
investigate the techno-economic and environmental feasibility of AFS configuration in an MEA-based 
carbon capture process. A rate-based model will be built to validate the plant data from [3] as a base 
case. The AFS configuration will then be employed. The techno-economic analysis and life cycle 
assessment will be used to evaluate the equivalent energy for CO2 recovery, total annualized cost as 
well as environmental impacts. 

2. Process description 



 

2.1. Conventional configuration 
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Figure 1. Simplified flowsheet of the carbon capture plant using MEA. 
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Figure 2. AFS configuration of carbon capture plant using MEA. 

This simplified conventional configuration shown in Figure 1 is based on an existing carbon capture 
plant removing 130 tonnes of CO2 per day [3]. After exhausted, desulphurized and cooled to 40 ⁰C, the 
flue gas (12 vol% CO2) enters the bottom of the absorber packed with Polypropylene Ring, captured by 
the amine countercurrent (16%-17 wt% MEA). Around 80% of the liquid in the connection of the wash 



 

section and absorption section is pumped back to the top of the absorber so that the amine loss of MEA 
can be alleviated. And the liquid is cooled to 40 ⁰C for the improvement of absorption performance and 
mitigation of MEA volatility. The clean gas is vented with nearly all nitrogen, oxygen and water. The rich 
solvent with high CO2 loading is then heated to 80 ⁰C and pumped to the top of the stripper for CO2 and 
amine regeneration. The 26-tray stripper is equipped with a condenser and reboiler. Approximately 14% 
of the bottom liquid is boiled up in the kettle reboiler and comes back to the stripper for further 
regeneration. The thermal energy of lean amine regenerated is recovered by a cross heat exchanger. 
After releasing the heat to the rich amine exiting from the absorber, the regenerated lean amine is then 
cooled and returned to the top of the absorber, before being mixed with amine and water makeup. 

2.2. Advanced flash stripper configuration 
The configuration of the carbon capture plant with an advanced flash stripper is presented in Figure 2. 
Unlike a conventional configuration where the thermal energy of distillate in the stripper is wasted, the 
in-situ condenser is replaced with an external cross heat exchanger to recover part of the heat. 
Moreover, two stream splitters are used to adjust the flowrate of rich solvent, which allows managing 
the feasibility of heat exchange (assume the minimum temperature approach is 5 ⁰C). Consequently, 
cold rich bypass and warm rich bypass are mixed and fed to the top of the stripper, contacting the 
gaseous countercurrent from a flash tank where part of hot rich solvent is vaporized and CO2 is released 
to the bottom of the stripper. The regenerated lean solvent exits as the liquid product from the bottom 
of the flash tank. Its heat is recovered by a hot cross heat exchanger and a warm cross heat exchanger. 

3. Methodology 
The rate-based carbon capture process using MEA as an absorption solvent is developed in Aspen 
Plus V12.1. The property method employs an electrolyte NRTL model with the Redlich-Kwong equation 
of state [4]. For the rate-based setup, the Onda model is applied to calculate the mass transfer 
coefficient and interfacial area [5]. The heat transfer coefficient is then obtained from the mass transfer 
coefficient using the Chilton and Colburn analogy [6]. And the liquid holdup at each packing stage is 
estimated by the correlation of Stichlmair [7]. The chemistry of MEA absorbing CO2 is described by a 
set of equilibrium reactions listed below in eqs. 1-5. The built-in power law expression is used to 
represent the kinetic reactions for controlling the performance of CO2 absorption and regeneration. The 
corresponding kinetic parameters are provided in Table 1. 

2𝐻ଶ𝑂 ↔ 𝐻ଷ𝑂ା + 𝑂𝐻ି (1) 
𝐶𝑂ଶ + 2𝐻ଶ𝑂 ↔ 𝐻𝐶𝑂ଷ

ି + 𝐻ଷ𝑂ା (2) 
𝐻𝐶𝑂ଷ

ି + 𝐻ଶ𝑂 ↔ 𝐶𝑂ଷ
ଶି + 𝐻ଷ𝑂ା (3) 

𝑀𝐸𝐴ା + 𝐻ଶ𝑂 ↔ 𝑀𝐸𝐴 + 𝐻ଷ𝑂ା (4) 
𝑀𝐸𝐴 + 𝐻𝐶𝑂ଷ

ି ↔ 𝑀𝐸𝐴𝐶𝑂𝑂ି + 𝐻ଶ𝑂 (5) 
𝐶𝑂ଶ + 𝑂𝐻ି → 𝐻𝐶𝑂ଷ

ି (6) 
𝐻𝐶𝑂ଷ

ି → 𝐶𝑂ଶ + 𝑂𝐻ି (7) 
𝑀𝐸𝐴 + 𝐶𝑂ଶ + 𝐻ଶ𝑂 → 𝑀𝐸𝐴𝐶𝑂𝑂ି + 𝐻ଷ𝑂ା (8) 
𝑀𝐸𝐴𝐶𝑂𝑂ି + 𝐻ଷ𝑂ା → 𝑀𝐸𝐴 + 𝐶𝑂ଶ + 𝐻ଶ𝑂 (9) 

 

Table 1. Kinetic parameter for build-in power law expression (eqs. 6-9) 

Reaction No. 𝑘௦ 𝐸௦  (𝑐𝑎𝑙/𝑚𝑜𝑙) 𝑘 𝐸  (𝑐𝑎𝑙/𝑚𝑜𝑙) 
6 1.33e+17 1.32e+4 1.33e+17 1.32e+4 
7 6.63e+16 2.57e+4 6.63e+16 2.57e+4 
8 3.02e+14 9.86e+3 3.02e+14 9.86e+3 
9 5.52e+23 1.65e+4 6.50e+17 2.28e+4 

 

The cost estimation of the carbon capture process with two configurations is completed by Aspen 
Process Economic Analyzer (APEA). Instead of using installation factors to evaluate costs, APEA is 
able to manage that by required materials and labour. Furthermore, the combination of mathematical 
models and expert systems contributes to a more detailed economic measurement [8]. The parameters 
for calculating the costs are presented in Table 2. The annual cost is calculated by the summation of 
operating cost and annualized capital cost [9], which is represented by eqs. 10-11 below. 



 

𝐴𝐶𝐶𝑅 =
𝐷𝑅 × (𝐷𝑅 + 1)

(𝐷𝑅 + 1) − 1
 (10) 

𝑇𝐴𝐶 = 𝐴𝐶𝐶𝑅 × 𝐶𝐴𝑃𝐸𝑋 + 𝑂𝑃𝐸𝑋 (11) 
Where ACCR is the annualized capital cost ratio; DR is the discount rate, assumed to be 10%; n is the 
estimated period; TAC, CAPEX and OPEX represent the total annualized cost, capital cost and 
operating cost, respectively. 

Table 2. Parameters for cost estimation 

Parameters Price 
Carbon fee/carbon tax ($/kg) 0.051 
Make-up water ($/cum) 3 
Make-up MEA ($/ton) 1200 
Electricity ($/kJ) 1.60e-5 
LP steam ($/kJ) 1.90e-6 
Cooling water ($/kJ) 2.12e-7 

 

The life cycle assessment is employed to identify improvement potential for environmental performance. 
The principles, frameworks, requirements and guidelines can be found in ISO 14040 and ISO 14044. 
An “operational guide to the ISO standards” was published by the Centre of Environmental Science of 
Leiden University (CML) in 2001, summarizing a list of impact categories and characterization methods 
and factors for corresponding substances. Guinee et al. explained these categories [10]. In this work, 
the ReCiPe method [11] is chosen to evaluate the environmental impact of material and energy 
consumption for equivalent CO2 regeneration in two carbon capture processes. All impact indicators 
are obtained by commercial LCA software SimaPro, and the most 7 influential impact indicators are 
presented in Table 3. The “global warming potential” refers to the global temperature increment resulting 
from greenhouse gas emissions, which is measured by the kilogram of carbon dioxide equivalent. The 
exposure to “ionizing radiation” is detrimental to human health, which is estimated by the equivalent 
kilobecquerels of Cobalt-60 to air. The “land use” is a composite indicator measuring the use and 
occupation of land for agriculture, housing, mining, or other purposes, so the unit is square meter in the 
total period. The essential idea behind “fossil resource scarcity” is that the depletion of fossil fuels forces 
the extraction of other resources in the future, which is estimated in kilogram of equivalent oil. The 
following indicators are measured in kilogram of 1,4-dichlorobenzene emitted. Particularly, “terrestrial 
ecotoxicity” indicates the impact of toxic substances on terrestrial ecosystems (i.e., individual species 
and the functioning of the ecosystem). The “human carcinogenic toxicity” and “human non-carcinogenic 
toxicity” reveals the potential health damage leading to cancers and other diseases, respectively. 

Table 3. Impact indicators for life cycle assessment 

Abbreviation Indicator Unit 
GWP Global warming potential kg CO2 eq 
IR Ionizing radiation kBq Co-60 eq 
TEC Terrestrial ecotoxicity kg 1,4-DCB 
HCT Human carcinogenic toxicity kg 1,4-DCB 
HNCT Human non-carcinogenic toxicity kg 1,4-DCB 
LU Land use m2a crop eq 
FRS Fossil resource scarcity kg oil eq 

 

4. Results and discussion 
The feasibility of the rate-based carbon capture model is validated by the plant data from [3]. The 
comparison between plant data and modelling results in terms of CO2 loading, temperature, recovered 
CO2 amount, steam usage and clean gas composition, is listed in Table 4. The modelling results show 
a great agreement with plant data. It is worth noting that the O2 content takes account for a larger 
proportion with about 40% deviation. This may result from the oxidative degradation of MEA in reality, 
which is not considered in the model. Nevertheless, this model is still feasible to predict the absorber 
and stripper performance. 



 

Table 4. Comparison between plant data and modelling results 

 Plant Model RD (%) 
Lean Loading (mole of CO2/mole of amine) 0.11 0.114 3.77 
Rich Loading (mole of CO2/mole of amine) 0.411 0.425 3.33 
Rich Amine Discharge temperature from absorber bottom (⁰C) 57.22 53.479 6.54 
Clean Gas Temperature (⁰C) 40 40.57 1.43 
CO2 Production (tonne/day) 125.2 127.225 1.62 
Steam flowrate to reboiler (kg/hr) 17460 17466 0.03 
Clean Gas Composition (mol%)    
CO2 0.223 0.228 2.24 
O2 5.762 8.046 39.63 
N2 87.315 85.005 2.65 
H2O 6.672 6.591 1.22 

*RD is the relative deviation. 

 

 

Figure 2. The comparison of conventional process and AFS process related to costs and equivalent 
work.  

The comparison between conventional and AFS configurations is presented in Figure 2 in terms of 
costs and equivalent energy requirements for CO2 recovery. The total annualized costs of conventional 
configuration and AFS configuration are 3.33 million USD and 2.87 million USD, respectively. It is shown 
that the capital investment costs around 6 million USD, and the annual operating expenditure is 2 million 
USD. Compared to the conventional configuration, using the AFS configuration will save about 8.94% 
and 15.1%, receptively for capital cost and operating cost. Although over 24% saving from eliminating 
the condenser and reboiler of the stripper in AFS configuration is reduced by the additional costs from 
two cross heat exchangers and one advanced flash drum, making the equipment cost reduction only 
6.23%, the energy saving is tremendous due to the significant heat recovery realized by AFS 
configuration. The LP steam cost, contributing to 90% of the total utility cost, is reduced by 43.24%, and 
the demand for cooling water is reduced to over half, leading to a 44.55% reduction in utility cost. The 
same absorber condition and regenerative temperature result in nearly equal thermal degradation, 
showing great agreement with the negligible difference in make-up cost. As a kettle reboiler is replaced 
with a steam heater in AFS configuration, the heat duty is significantly reduced, and then the amount 
of regenerated CO2 becomes less. Evaluating the energy usage by equivalent work per tonne of CO2 
regenerated is a relatively fair way. The existing carbon capture plant using standard MEA-absorption 
configuration consumes 7.22 GJ/tonne CO2, whilst the AFS configuration is able to consume 5.89 
GJ/tonne CO2, saving 18.49% energy usage. 

 



 

Table 5. Detailed characterization results of two carbon capture configurations 

  Electricity MEA makeup Water makeup 

Fossil resource scarcity Conventional 30621.65 36.85 0.12 

 AFS 24960.77 56.72 0.07 

Land use Conventional 39021.16 4.36 0.03 

 AFS 31807.50 6.70 0.02 

Human non-carcinogenic toxicity Conventional 46117.39 43.68 0.52 

 AFS 37591.88 67.22 0.32 

Human carcinogenic toxicity Conventional 3396.49 3.78 0.06 

 AFS 2768.60 5.82 0.04 

Terrestrial ecotoxicity Conventional 60160.37 50.70 1.38 

 AFS 49038.80 78.02 0.85 

Ionizing radiation Conventional 54628.20 7.32 0.04 

 AFS 44529.34 11.26 0.02 

Global warming potential Conventional 86344.88 71.27 0.41 

 AFS 70382.70 109.70 0.25 
 

 

Figure 3. Characterization results of two carbon capture configurations using ReCiPe 2016. 

The life cycle assessment measures the environment impacts of material and energy consumption in 
the carbon capture process quantitively: approximately 78000 kg CO2, 50000 kBq Co-60, 55000 kg 1,4-
DCb, 3000 kg 1,4-DCB, 42000 kg 1,4-DCB, 35000 m2a cropland and 28000 kg oil. Furthermore, 
electricity contributes to around 99% of all impact indicators. The general pattern of impact indicators 
presented in Figure 3 shows that the AFS configuration contributes less to environmental and healthy 
damage, compared to the conventional configuration. This can be attributable to the significant 
reduction of energy usage in the carbon capture process using AFS configuration, according to Table 
5 electricity (energy consumption is converted to equivalent electricity use) makes the main contribution 
to environmental influence. The most significant indicator is the global warming potential and the least 
influential indicator is human carcinogenic toxicity. This is because the cradle to grave of electricity 
generated by fossil fuels leads to a tremendous amount of greenhouse gas emissions whilst a relatively 
tiny amount of substance resulting in cancer potential to human health. As the aim of the carbon capture 
process is to capture CO2 for sequestration or utilization, and the energy consumption itself leads to 78 
tonnes of equivalent CO2 (responsible for 58% of the flue gas in this work), the emphasis on the 
improvement of energy saving in carbon capture processes is not only reasonably in economic, but in 
climate change concern. Measured by the same units, the amount of toxic substances detrimental to 



 

terrestrial individuals and the functioning of the ecosystem is relatively higher than that of toxic 
substances leading to non-carcinogenic diseases for humans. This is due to a larger scope of the 
terrestrial system including the living place of the human. Table 5 gives more details related to the 
impact contribution of electricity, MEA makeup and water makeup. In addition to the aforementioned 
role of electricity, it is interesting to see some clues from chemical processes and properties: MEA is 
produced by ammonia which is mainly produced via the energy-intensive Haber-Bosch process, leading 
to the scarcity of fossil resources and greenhouse gas emissions. Also, the toxic property of MEA 
corresponds to the detrimental impacts on human health and the terrestrial ecosystem associated with 
its individuals. Therefore, life cycle assessment gives a new perspective to see the improvement 
potential in the carbon capture process environmentally. 

 

Figure 4. The effects of (a) CO2 loading and (b) water wash amount on CO2 removal, solvent loss 
and equivalent work. 

The sensitivity analysis is conducted to investigate the effects of lean loading and wash section flowrate 
on absorption performance and energy usage. In Figure 3(a), no effect on amine loss is observed as 
the CO2 loading in a lean solvent increases. The significantly decreased curves of equivalent work for 
CO2 regeneration in both configurations show great benefits in energy saving. Specifically, with the 
increment of lean loading from 0.09 to 0.19, the equivalent work in conventional and AFS carbon 
capture processes reduces by 16.8% and 20.1%, respectively. Albeit the energy benefits, the capability 
of removing CO2 is weakened to only 85%. The trade-off of energy saving and carbon penalty is 
therefore formed when the carbon tax is considered. The MEA loss in clean gas discharged to the 
atmosphere contributes to potential health and environmental consequences. In addition, the main 
degraded product of MEA is ammonia, which is soluble in water and detrimental to human health and 
the environment [12]. Therefore, the wash section is essential in carbon capture processes using MEA. 
In Figure 3(b), as the flowrate of the wash stream increases from 100 to 2000 litres per minute, the MEA 
loss decreases by 22%. Moreover, the outlet temperature of the overhead vapour is decreased from 
42.8 ⁰C to 40.6 ⁰C. However, the wash section flowrate contributes little influence on the removal of 
CO2 and the bottom temperature. The off-gas temperature can be a general reference to know the 
extent of amine loss. 

Conclusion 
Started with the rate-based simulation to study the operating performance of carbon capture processes 
with two configurations, the capital costs and operating costs were estimated, followed by the life cycle 
assessment. Finally, sensitivity analysis was conducted to locate key parameters. The conclusions are 
as follows: 

1. The total annualized costs of the 130-tonne daily carbon capture plant were 3.33 million USD 
and 2.87 million USD, respectively for the conventional configuration and AFS configuration. 

2. Energy consumption contributed to the main environmental impacts, and the cradle and grave 
of energy and materials consumed in the carbon capture process made approximately half of 



 

the CO2 capture in vain. Therefore, improving energy efficiency or using renewable energy 
could be environmentally beneficial. 

3. The increment of lean loading reduced energy consumption for CO2 regeneration but weakened 
the capability of CO2 removal. The wash section was able to reduce amine loss significantly. 
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Abstract: 

Geothermal fluid is usually characterized by the presence of water and minor percentages of non-condensable 
gases (NCG), including CO2. Relevant CO2 streams are currently released from the cooling towers of 
geothermal power plants operating in Tuscany. These emissions are largely of natural origin. The output 
streams of NCG are treated for removal of contaminants (Hg and H2S) and consist in nearly-pure CO2: that is 
the reason why it is worth to investigate about its potential circular use. Specifically, the possibility of transport 
and use as a long-distance heating or cooling fluid stream for local communities is investigated; integration 
with hydrogen production is also considered, with production of methanol to be used as synfuel or energy 
storage. Hydrogen can be harvested from several sources: a) from the captured H2S stream b) from industrial 
facilities already existing along the transport path c) from integrating an electrolyser in the power plant premises 
thereby providing load flexibility (currently not present in geothermal power plants). The study is tailored on 
the local geographical, productive structure and population situation. The remaining part of the CO2 stream is 
delivered to the sea where it can be finally destinated to transportation (pipeline or ship) and sequestration. 
The results are encouraging in inspiring a potentially new sustainable economy structure. 

Keywords: 

Circular use; CO2 stream; Geothermal power plant; Hydrogen; Methanol. 

1. Introduction 
A crucial environmental issue related to electricity generation using geothermal fluids is the emission of non-
condensable gases. Vent stacks in geothermal plants emit carbon dioxide (CO2) and methane (CH4), raising 
serious concerns in terms of greenhouse gases. The amount of these emissions is quite small compared to 
carbon and fossil fuel plants, indicating that the contribution of these sources is practically negligible. 
Geothermal power plants (GPPs) also emit a higher amount of hydrogen sulphide (H2S), as it is a main 
constituent of geothermal fluids. H2S in air, water, soils, and vegetation is a vital environmental concern for 
geothermal fields [1]. 

Due to resource depletion, fossil fuels are not capable of compensating for the growing energy need. In 
addition, easily extractable fossil fuel is facing an increase in their prices. It is worth mentioning that greenhouse 
gases (mainly CO2) have accumulated in the atmosphere by burning fossil fuels. Therefore, clean and 
sustainable energy has become relevant, with intensified research to make it more affordable and productive. 

Currently, H2 (hydrogen) and CH3OH (methanol) are in the picture to fulfil the role of storable energy carriers 
[2]. Electricity surplus can be used to produce H2 from the water via electrolysis, or further react H2 with CO2 
obtained from the GPPs to synthesize CH3OH (Power-to-Gas). This would mitigate greenhouse gas emissions 
and meet renewable energy directives. Methanol is a liquid that may give some advantages (e.g. it can be 
stored at ambient temperature and atmospheric pressure). Besides blending with gasoline in cars, an 
application that can be started directly as methanol is compatible with the current fuel infrastructure or using it 
as fuel in fuel cells, methanol can also be used as feedstock in the chemical industry.  

This innovative renewable method for methanol synthesis may be applied in Tuscany, the Italian region with 
the highest use of renewable sources, thanks to the concentration of geothermal-electrical generation. 
Geothermal energy covers, in fact, about 33% of the electricity needs in Tuscany with a global nominal capacity 
of 914.5 MW and meets the electricity demand of about 2 million households [1]. 

From Tuscan geothermal plants, CO2 can be easily stored and used for the synthesis of methanol. In addition, 
methanol can be produced more sustainably by synthesizing it from H2 recovered from industries in the region 
as well as from H2S reduction. The decomposition of hydrogen sulphide (H2S) with simultaneous hydrogen 
(H2) generation offers a sustainable energy production option and an environmental pollution abatement 



strategy. Another way to use this carbon dioxide in order to provide additional services to the population is to 
exploit it for the production and distribution of heat and cold. 

All in all, it is important to investigate both the potential exploitation of carbon dioxide emitted by GPPs and its 
mitigating implications using the Tuscany region as a case. In fact, this study tries to apply the possible circular 
uses of carbon dioxide just mentioned. Therefore, this document is part of the ecological transition trying to 
identify new forms of economy, a productive and industrial induced that can be strengthened and that is 
identified with the Tuscan territory. 

2. Overall system configuration 
The general configuration of the system includes a water electrolysis section, a unit for the direct splitting of 
hydrogen sulphide into hydrogen and sulphur, a methanol synthesis section (MSS), and the CO2 district 
heating and cooling. Water electrolysis is performed with the commercially mature technology of alkaline 
electrolysers. The system operates in the charge phase when electricity in excess is stored as chemical power 
into hydrogen. Figure 1 shows a simplified functional scheme of the general configuration of the overall system. 

 

Figure 1.  Scheme of the overall system: a) winter operation, b) summer operation. 

Water and renewable electricity feed the electrolyser to produce hydrogen. Hydrogen sulphide from gaseous 
emissions in an AMIS system is separated into pure hydrogen and sulphur through the plasma catalytic reactor 
(PCR). Hydrogen and CO2 are compressed at the operating pressure of the methanol synthesis reactor in two 
compressor trains. In the MSS, CO2 hydrogenation to methanol is performed over a commercial catalyst 
(Cu/ZnO/Al2O3) and methanol is separated and purified in a distillation column. The non-synthesized CO2 
arrives in Livorno through a double pipeline: one transports liquid phase in summer operation, and the other, 
gaseous phase in winter operation. Along the way, the production and distribution of heat and cold is promoted.  

3. CO2 network 
Carbon dioxide is practically the only gas that remains after the non-condensable gases have been cleaned 
with the mercury and hydrogen sulphide abatement system (AMIS®). In this study, one of the two 60 MWe 
Valle Secolo power plants was considered. The resulting CO2 flow rate is 3.0 kg/s; with an operational period 
of 8760 hours/year, the total CO2 emissions are 95371 t/year [3]. 

Two extreme seasonal functions were analysed, namely winter and summer operation, for each of which there 
is a dedicated pipeline. All CO2 is first compressed up to 4 MPa and cooled to 40°C, in order to enter the steam 
pipe, which represents winter operation. Part of the stream is sent to the methanol production system. Then in 
order to enter the liquid pipeline, it is further compressed and cooled to reach winter operating conditions of 
10MPa and 20°C. Indeed, the non-synthesized CO2 will be transported from the GPP to the coast promoting 
along the way service uses: production and distribution of heat and cold. 

Determining the pipeline route and length is the first thing to consider in the design of pipelines. The pipeline 
route will determine the total length of the pipeline and the bends on it. Even the pipeline pressure drop is 
dependent among other factors on the length of the pipeline. 

The final terminal is identified in the SNAM refinery in Livorno, where there may be other possibilities for CO2 
transformation, or alternatively liquefaction and delivery in port areas for the purpose of confinement (for 
example, in deep water or underwater saline aquifers). Figure 2 shows the location and extent of the CO2 
pipelines, as well as the inhabited areas crossed. The road network was considered a general scheme for 
arranging CO2 pipes. Existing brine ducts between the Saline di Volterra and Rosignano Solvay (dotted in 
green) have also been highlighted. The route starts from the Vallesecolo plant and passes through the Saline 
di Volterra, Cecina, Rosignano Solvay, and finally Livorno. It is proposed to implement another MSS along the 
route near Solvay Chimica S.p.A., located in Rosignano Solvay, where hydrogen is expected to be recovered. 
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In tracing the route, a possible development of district heating/cooling was considered, when passing through 
residential and commercial districts. Therefore, a doublet liquid/gas pipeline is proposed, with each pipe sized 
to transport the non-synthesized CO2 flow rate. Friction and heat transfer correlations, implemented in the 
Engineering Equation Solver (EES) software, were used to model the CO2 transport process. 

 

 

Figure 2.  CO2 pipeline and main residential area crossed. 

3.1. Optimization of the CO2 pipeline system 

The flow rate data determine the fluid volume transportation from source to sink and, consequently, the 
adequate pipeline diameter for transportation. A pipeline diameter too small for the flow rate would cause high 
velocity of the fluid with attendant high losses in pressure and erosion of the pipe wall. Very large pipeline 
diameters would reduce pressure losses, have low velocities, and low or non-existent noise and erosion, but 
result more expensive. The optimum economic pipe diameter was estimated using the following formula [4]: 

𝐷𝑖,𝑜𝑝𝑡 = 0.363𝑚𝑣
0.45𝜌0.13𝜇𝑐

0.025,       (1) 

where Di,opt is the optimum inner diameter of the pipe, mv is CO2 volumetric flow rate in the pipeline, m3/s; ρ 
denotes CO2 density at average temperature through the pipeline, kg/m3; and μc is average CO2 viscosity.  

Applying the above assumptions to Eq. (1) gives an optimum inner diameter of 0.15 m at a CO2 flow rate of 
2.86 kg/s with inlet conditions of 4 MPa and 40°C (vapour pipe); and an optimum inner diameter of 0.08 m at 
the same flow rate with inlet conditions of 10 MPa and 20°C (liquid pipe). These diameter values ensure that 
the losses are not too high even when the fluid is returned after the user in conditions of volume different from 
those designed for injection into the plant.  

3.1.1. Pressure drop along the pipeline 

An increase in pressure drop means higher operating costs and possibility the need to introduce 
recompression stations. Hence, it is necessary to estimate the pressure drop along the pipeline: the pressure 
drop is dependent on the flow rate as well as on the different geometric characteristics of the pipeline such as 
diameter, length, elevation changes, etc. 

Since the CO2 density is sensitive to pressure and temperature changes, the pressure drop along the pipeline 
will reduce the CO2 density and increase the velocity, which will, in turn, increase the pressure drop.  

In the simulation, the inlet conditions for CO2 are fixed; it is transported to the point of arrival considering, as 
pressure drops, those distributed and those related to the contribution of the difference in height. 

3.1.2. Effect of ambient temperature 

Optimization of CO2 transport via pipeline must account for the effect of ambient temperature because of heat 
transfer along the pipeline between the CO2 in the pipe and the surroundings. For environmental conditions, 
atmospheric pressure and a temperature of 10°C and 27°C for winter and summer operations respectively 
were considered. The pipes are assumed to be carbon steel [5] and placed above the ground. The insulation 
is made of polyurethane foam (conductivity 0.027 W/mK) with a thickness of 25 mm. To evaluate the heat 
exchanger between CO2 and the environment the following phenomena are considered.  



Forced convection is present between CO2 and the internal duct surface, and natural convection between the 
insulation external metallic surface and the environment (with air temperatures varying from summer to winter 
operation). Conduction is present in the duct thickness and in the insulation (including the outlet covering). 

3.2. Operating conditions of pipes 

Two methods were used for CO2 transport and exploitation, each working under certain operating conditions. 
The superstructure of the system is represented in Fig 3. 

 

Figure 3.  General scheme: a) Heating mode, (b) Cooling mode. 

In winter operation CO2 is drawn from the vapour phase pipeline. By setting through a valve the delivery 
pressure at subcritical values (pc = 7.38 MPa), the fluid reaches the user at conditions similar to those at the 
condenser of a closed cycle heat pump. The condenser heat recovery is exploited to heat water for household 
or commercial building heating. The layout corresponds to a trans-critical heat pump operating directly with 
CO2: typical pressures of these applications are 9-10 MPa at the condenser and 3.5-4.5 MPa at the evaporator. 
The trans-critical CO2 heat pump solution is attractive because it is possible to operate with common radiator 
temperatures; also, the heat transfer match with the resource is good (30°C temperature glide on the cold 
utility side; 50°C on the resource (CO2) side). The CO2 leaving the heat recovery exchanger is still in vapour 
phase, therefore it is necessary to further cool it at least down to 25 °C to bring it to liquid conditions (recovery 
of the CO2 stream in the liquid transport pipe, at supercritical pressure). The liquid CO2 stream will not thus 
undergo phase changes along the way but will remain liquid despite the pressure drops along the pipeline  

For the steam pipe, the inlet temperature is set at 40 °C to avoid two-phase formation due to the lowering of 
the temperature (Ts = 5 °C at 4 MPa). The pressure value of 4 MPa was selected considering the operation 
conditions of the heat pump. At higher pressures the saturation temperatures, Ts, are higher and thermal 
dispersion could determine a temperature below the saturation value (at 5 MPa Ts = 14.5 °C and at 6 MPa Ts 
= 22 °C) leading to the formation of liquid droplets along the pipe. 

The same assumptions were made for summer operation: CO2 is delivered to the user (needing cooling) in 
the liquid phase. The liquid pipeline is operated at high pressure in summer (10 MPa); a partial flowrate is 
laminated to low pressure and brought to the right saturation temperature for cooling (at 4.3 MPa Ts = 8 °C). 
The pressure of 10 MPa ensures that pressure drops do not lead to steam formation along the pipeline, with 
an inlet temperature of 20 °C. Expansion of the fluid to 4.3 MPa allows to cool a water stream from 15 to 10°C, 
which is used for cooling the rooms. After use as a coolant, the CO2 stream can be recovered without pumps 
in the vapour phase pipe which is operated at 4 MPa. 

4. Thermal energy needs 
The main urban centres crossed along the pipeline were analysed to consider them as possible users for 
heating and cooling. Among the main ones, we find Cecina, Rosignano Solvay, and the final terminal located 
in Livorno. Referring to these towns, the winter and summer thermal loads have been estimated precisely to 
consider them as possible users. A shopping centre was also included - the only one that is present on the 
path to Livorno: is the Acquerta shopping centre, located near Cecina. Considering the available flow rate, we 
will discuss as an example the shopping centre of Acquerta and the thermal needs of part of the neighbouring 
residential area of San Pietro in Palazzi, which were evaluated as users. 

The CO2 infrastructure was considered to be possibly connected to representative buildings located in the San 
Pietro in Palazzi area, to study their different operating modes and performances. The Acquerta shopping 
centre and the San Pietro in Palazzi area are presently heated by natural gas, with an efficiency assumed as 
0.9. For the energy performance index for cooling, no efficiency was considered because it is not supplied in 
terms of primary energy. In fact, that parameter does not take into account the efficiency of the installation 
providing the service and is therefore not primary energy. 
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From the climate conditions and the characteristics of the typical dwelling in this zone, heating (primary energy) 
and cooling demands throughout the year can be obtained. The characteristics of the representative buildings 
can be seen in Table 1. The Heating Degree Days (HDD) values are obtained using a base temperature of 
20°C. For the calculation of the Cooling Degree Days (CDD), a base temperature of 24°C is assumed. It has 
to be mentioned that in Italy and unlike for heating, no national standard defines how to compute CDD. 

Table 1.  Representative block of flats characteristics. 

San Pietro in Palazzi population 3141 
Surface per dwelling [m2] 100 
Number of inhabitants per dwelling 3 
Number of dwellings 1047 
Heating efficiency with natural gas 0.9 
Volume Acquerta S.C. [m3] 48000 

 

The area here studied falls within climate zone D, so heating systems can be operated from November until 
April 15 for 12 hours a day, or 1992 hours a year. 610 hours of annual cooling operation were assumed (no 
legislation limits exist in Italy for this), i.e. about 5 hours per day for four months, while for the shopping centre, 
1342 hours per year were assumed, i.e. 11 hours per day for four months. For the two and a half months in 
which there is no need for thermal energy, it is assumed that the transport of CO2 takes place with the methanol 
synthesis along the path. 

5. Hydrogen recovery and production 
A notable opportunity for circular economy based on CO2 recovery is the production of synfuels using 
hydrogen. Here, the production of methanol through hydrogen reaction is considered attractive, as it produces 
a liquid synthetic fuel already used in the formulation of vehicle fuels. The hydrogen required for this reaction 
is partly recovered from geothermal and industrial activities, and partly produced. A recovery option is indeed 
possible at the GPP: considering the entire 120 MW plant operated by ENEL GP in Vallesecolo, it was 
assumed to produce hydrogen from the hydrogen sulphide present in the geothermal fluid. At the plant 
premises, it was hypothesized to produce hydrogen through electrolysers when substantial input to the grid 
from photovoltaics was present: this makes the GPP effectively operate as a substitute storage capacity, as 
the plant would be operated full load at night (when no PV input is available), and effectively decrease its 
nominal power feeding a large electrolyser at daytime. The most important industrial recovery option for H2 
takes place at Rosignano Solvay, where in the Solvay Chimica S.p.A. alkali plant hydrogen is a by-product in 
the soda-chlorine process. This section assesses the potential for recovering and producing hydrogen.   

5.1. Plasma catalytic reactor section 

The hydrogen sulphide emissions of both groups of Valle Secolo (120MW) are here considered as possible 
circular economy resources for the production of H2 and S. The production of H2S from the plant – currently 
captured by the AMIS plant - was taken from public monitoring reports [3], a value of 199 kg/h. The power 
plant emission treatment abatement system was ideally modified by adding a PCR (Fig 4) [6]. The stream to 
be processed is from the extraction compressor of non-condensable gas, which is currently being sent to the 
AMIS treatment (with oxidation and alkaline scrubbing for removal of sulphur species), finally delivering a 
nearly-pure CO2 stream at the cooling towers (where dispersion profits from the highly buoyant plume).  

 

Figure 4.  Schematic illustration of the: a) modified AMIS system (modified from [7]), b) PCR [8]. 
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The electrified PCR is an innovative technology for H2 production for waste streams or H2S: compared to other 
technologies, it allows to achieve a good conversion at low temperatures (100-200°C). In addition, the purity 
of hydrogen is very high (99%) [6]. 

The plasma-assisted catalytic H2S decomposition is performed at atmospheric pressure in a non-thermal 
dielectric barrier discharge (DBD) plasma reactor consisting of one or two coaxial dielectric tubes (quartz, 
alumina). The DBD plasma is created between two electrodes surrounded by the dielectric material (direct 
electric heating of the catalyst located between the two electrodes). The main electrode is connected to the 
high voltage supplied by an AC generator [8]. From stoichiometry (H2S →H2+S), the amount of H2 obtainable 
from hydrogen sulphide is 11.78 kg/h with a specific electricity consumption of 1.2 kWh/Nm3 of H2 [6]. The 
estimated production of H2 is 103.2 t/year, so the energy demand would be 1378 MWh/year.  

5.2. Alkaline water electrolysis section 

Alkaline water electrolysis (AEL) is a low-temperature process to produce hydrogen in a commercially mature 
technology, namely the alkaline electrolyser. This type of electrolyser is here considered in place of the PEM 
technology, as large-scale units are needed. Water electrolysis is carried out in a liquid alkaline electrolyte 
solution of a base (KOH or NaOH), where hydroxide ions OH- cross a diaphragm separating the electrodes. 
Typically, AELs operate between 60 and 90°C, while the operating pressure spans from ambient pressure up 
to 3.5 MPa [9]. In the present case, we assumed to perform the AEL at 3 MPa and 85°C, with a power 
consumption of 3.6 MW for a hydrogen flow rate of 72 kg/h, leading to a specific energy consumption of 
approximately 50 kWh/kgH2 (4.5 kWh/Nm3H2), which is consistent with values reported in the literature [10]. 

Inside the reactor, water electrolysis is accomplished with the following reaction (R1): 

𝐻2𝑂 → 𝐻2 + 0.5𝑂2,        (R1) 

which is given by the combination of the cathode reaction (Eq. R2) and anode reaction (Eq. R3, R4): 

𝐻2𝑂 + 2𝑒− → 𝐻2 + 𝑂2−
,        (R2) 

𝑂2− → 0.5𝑂2 + 2𝑒−,        (R3) 

𝑂 + 𝑂 → 𝑂2.       (R4)  

In this case, three electrolysers are used along the CO2 pipeline path, requiring on the whole an electricity 
consumption of 31536 MWh/year. It is assumed that electrolysers are powered by renewable energy, thereby 
enabling the possibility of producing at the end of the process green synfuel: this corresponds to the category 
of Power-to-X technologies. The electrolysers are assumed to be operational an average of 8 hours per day, 
thereby using with profit the photovoltaic energy available in Italy (2920 h/year equivalent operational time per 
year). In this way, it is estimated that it would be possible to produce 215 kg/h of hydrogen (630 t/year). 

5.3. Hydrogen from the soda-chlorine process  

Some of the hydrogen needed can be harvested from the soda-chlorine process at the Rosignano Solvay 
plant. Hydrogen is here a co-product of the electrolysis of brine (approximately 28 kg of H2 per ton of chlorine). 
This high-quality hydrogen (purity > 99.9%) is currently used on-site (mainly as a fuel in co-firing steam boilers) 
or is sold to a distributor. 

The alkaline electrolyser works following a membrane cell technology [11]. The basic principle in the 
electrolysis of a sodium chloride solution is the following: 

▪ at the anode, chloride ions are oxidised and chlorine (Cl2) is formed; 

▪ at the cathode, water decomposes to form hydrogen (H2) and hydroxide ions (OH-). 

The anode reaction is:  

2 𝐶𝑙− → 𝐶𝑙2 +  2𝑒−.       (R5) 

The cathode reaction is: 

2𝑁𝑎+ + 2𝑒− + 2𝐻2𝑂 → 2𝑁𝑎𝑂𝐻 + 𝐻2.       (R6) 

The overall reaction is: 

2𝑁𝑎𝐶𝑙 + 2𝐻2𝑂 → 2𝑁𝑎𝑂𝐻 + 𝐻2 + 𝐶𝑙2.       (R7) 

The products of the electrolysis are 1070–1128 kg of NaOH (100 wt-%) and approximately 28 kg of H2 per ton 
of Cl2 produced. The plant operates in a continuous cycle for 24 hours/day, for a nominal 350 days/year. The 
theoretical capacity of the plant is about 14.5 tons/hour of Cl2, which correspond to about 125 kton/year of 
chlorine gas [12]. Considering the molar mass of chlorine gas equal to 70.906 kg/kmol, stoichiometry shows 



that the amount of hydrogen resulting is 3.463 kton/year or 412.2 kg/h. The calculated consumption of electrical 
energy is equal to about 2600 kWh/t Cl2 [11], or 6,23 kWh/Nm3 of H2. 

6. Methanol synthesis section 
The MSS allows the production of liquid fuel, which is used to store energy. The main blocks are the adiabatic 
reactor, where the catalytic CO2 hydrogenation process is carried out, and the distillation column, where the 
purification process is carried out. Methanol is produced through the three main reactions of the CO2 
hydrogenation process: CO is given by the water gas shift reaction (R8) and converted into methanol by the 
CO hydrogenation reaction (R9), while methanol is also produced through the CO2 hydrogenation reaction 
(R10). 

𝐶𝑂2 + 𝐻2 ↔ 𝐶𝑂 + 𝐻2𝑂,       (R8) 

𝐶𝑂 + 2𝐻2 ↔ 𝐶𝐻3𝑂𝐻,       (R9) 

𝐶𝑂2 + 3𝐻2 ↔ 𝐶𝐻3𝑂𝐻 + 𝐻2𝑂.       (R10) 

At equilibrium conditions only two of these three reactions are sufficient to describe the composition [13]. Only 
Eqs. (R8) and (R10) were thus considered in the developed model. 

The production of methanol was set considering the hydrogen production and recovery. It is supposed to locate 
two methanol production systems along the pipeline path, one near the GPP to exploit the hydrogen produced 
by electrolysers and that recovered from hydrogen sulphide (MSS1), the other plant is instead near Solvay 
Chimica S.p.A. (MSS2). Assuming the stoichiometric molar ratio of reactants (reaction (R10)), Table 2 was 
been obtained. 

 

Table 2.  Stoichiometric reactants and products flow rates for MSS reactors [kg/h]. 

Flow rate Species MSS1 MSS2 

H2  83.68 412.2 

CO2 609.04 3000 

CH3OH 443.43 2184 

 

The methanol production system is supposed to operate 8760 hours per year and the production was based 
on the study of [14]; the simulation was performed in the UNISIM DESIGN (Honeywell) modelling environment. 

The methanol synthesis reactor operates at 6.5 MPa requiring the hydrogen and CO2 to be compressed. CO2 
is compressed only when it is taken from the vapour pipeline at 4 MPa from the vapour pipe. Since MSS1 
always takes carbon dioxide in the vapour phase, in this study we consider that CO2 is taken from the vapour 
pipe for both MSS. A future investigation should concern the case of CO2 withdrawal from the liquid pipe; when 
it is taken from the liquid tube at 10 MPa it must be laminated and then heated to have only steam entering 
the reactor. The number of compressor stages for the H2 stream depends on the source. The hydrogen 
obtained from the reduction of hydrogen sulphide is compressed to the operating electrolysis pressure, and 
then joins the flow of hydrogen produced by the alkaline electrolyser.  

Figure 5 shows a simplified functional scheme of the methanol synthesis and purification section. The 
compressed H2 (2) and CO2 (5) are mixed with the re-circulated gases (23) and preheated (HX1) to 210 ◦C 
prior to entering the synthesis reactor (R1). Within the adiabatic reactor, the exothermal CO2 hydrogenation 
reaction increases the temperature up to about 280 °C and 231 °C for MSS1 and MSS2 respectively. The 
reactor outlet is mainly composed of hydrogen (about 85% by vol in MSS1 and 97% by vol in MSS2), whereas 
the methanol content is 4.1% by volume in MSS1 and 1.5% by volume in MSS2. To boost the production of 
methanol, two flash processes are performed (F1 and F2) and the un-reacted incondensable gases (18 and 
21) are re-circulated back to the reactor. The first flash occurs at 6.5 MPa, after reducing the temperature to 
50 °C in two heat exchangers (HX1 and HX2), that supply heat to other points in the process, and a cooler 
(C1). Here the gases are separated to liquid raw methanol and non-reacted gases. The non-reacted gases 
(18) are recycled to the reactor after purging 1% in order to prevent the accumulation of by-products and inert 
gases in the system. The second flash process takes place reducing the pressure and temperature of the liquid 
stream to about 0.12 MPa and 22 °C. Here raw methanol is expanded to further remove the non-reacted 
gases, especially CO2, and by-products in order to ease the distillation process. The resulting liquid product 
(12), namely crude methanol, is mainly composed of methanol and water (both about 50% by vol in both 
systems) with a small content of CO2. To boost the methanol purity, the separation of water and methanol 
takes place in a distillation column (D1). From the bottom of the distillation column, water (15) is recuperated 
in the liquid phase and can be recycled back to the electrolysers. The distillate at the top of the column (14) is 



pure methanol; the CO2 in the residue (16) is recycled to the inlet and mixed along with fresh CO2 (3). Methanol 
is then sent to the storage tank. The resulting methanol has a purity greater than 99.85% in both systems and 
is therefore compliant with the IMPCA specification [15]. Table 3 reports the main MSS operating parameters. 

 

Figure 5.  Simplified functional scheme of the MSS, modified from [14] (C=Cooler; CP=Compressor; 
D=Distillation column; F=Flash; HX=Heat exchanger; M=Mixer; R=Reactor; S=Splitter). 

Table 3.  MSS main operating parameters. 

Parameter Value 

Reactor type Adiabatic 

Reactor pressure [bar] 65 

Reactor inlet temperature [°C] 210 

F1 pressure [bar] 65 

F1 temperature [°C] 50 

F2 pressure [bar] 1.2 

F2 temperature [°C] 22 

Methanol storage pressure [bar] 1 

Methanol storage temperature [°C] 25 

 

Since the reactor products are characterized by a high temperature, they can be employed to provide heat to 
some processes within the system, reducing the thermal energy that otherwise would be provided by an 
external source. Thermal energy is required by the following processes: 

▪ the preheating of the reactants (6) from 80 to 210 °C; 

▪ the heating of crude methanol (12) up to the inlet temperature of the distillation column (80°C). 

Firstly, the reactor products are cooled (HX1) from 280 °C (8) to 144 °C (8’) in MSS1 (from 231 °C to 84 °C in 
MSS2). Finally, the reactor products (8’) are cooled (HX2) to about 132 °C in MSS1 and 80°C in MSS2, with 
the preheating of the crude methanol (12). To reach the first flash condition (50 °C), heat should be further 
removed from the reactor products in cooler C1. If a cooler heat recovery in the distillation column were also 
considered, the thermal self-sustainability of the section could be achieved.  

7. Results and discussion 
Drawing on the methodology presented in the previous section, the thermal energy demand and the district 
heating and cooling performance are discussed in detail as a first step. Then, the results of the two methanol 
production plants are shown. Finally, the energy requirements of the system and the emissions avoided are 
assessed.  

7.1. Energy demand  

Heating Degree Days (HDD) and Cooling Degree Days (CDD) patterns are presented in Fig 6 (a). The 
maximum daily values for HDD and CDD are 13.82 °C and 2.73 °C respectively. Moreover, the annual 
accumulated HDD is 1602°C and for CDD is 48°C.  
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Figure 6.  a) Annual evolution of heating and cooling degree days in the selected location, b) Energy demand 
for the area studied. 

Figure 6 (b) illustrates the thermal needs of the Acquerta shopping centre - the main user to be satisfied - as 
well as those of the San Pietro in Palazzi community. The total thermal energy required annually by the 
shopping centre is 0.74 MW. 51.5% of which is for heating and 48.5% for cooling. 

7.2. Heating and Cooling district 

The CO2 leaving the AMIS is brought to the desired conditions for the entrance to the steam pipe through three 
inter-refrigerated compressors up to 4 MPa and subsequent cooling up to 40 °C. A portion of the flow rate is 
sent to the methanol production system: the remaining CO2 flow rate to be transported is 2.86 kg/s. The flow 
rate that must instead be introduced on the liquid side undergoes a further compression up to 10 MPa and 
subsequently, an absorption cooling (it is proposed the use of geothermal water for CO2 cooling) is used to 
bring its delivery temperature to 20 °C. 

The initial three compressors are about 300 kW each, the fourth – operational for the final liquid flow delivery 
rate - needs about 173 kW; the flow rate of water required (sets a maximum outlet temperature of 95 °C) for 
the two inter-refrigerations is a total of about 2 kg/s, that for cooling the steam up to 40 °C is 1.2 kg/s, while 
the thermal power that must be dissipated with the absorption cycle is 851 kW. 

During winter operation, given the potential of the available CO2 flow rate, it is possible to satisfy a 430kW 
thermal user. In this condition, therefore, the system is able to meet the heating needs of the Acquerta shopping 
centre, with the possibility of distributing about 50kW of heat to San Pietro in Palazzi buildings. 

Figure 7 shows the representation of the system just described on the T-s diagram. The subcritical vapour at 
4 MPa is compressed to 10.3 MPa (1-2 process) and then is cooled in the trans-critical heat pump to 45°C by 
rejecting heat to an external fluid (2-3 process, useful heating effect). Carbon dioxide at high pressure is further 
cooled to 25°C in the air heat exchanger (3-4 process). 

 

Figure 7.  Representation of winter operation on the T-s diagram (CP=Compressor, HP=trans-critical Heat 
Pump, Cond=Condenser). 
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The conditions of the CO2 entering the heat pump, which represents the user, depend on the losses that 
occurred upstream. In particular, the pressure remains at 4 MPa, but the temperature drops along the pipeline 
to an estimated value of 10.5 °C, despite the insulation of the pipeline. The power required by the compressor 
to compress CO2 to 10.3MPa is 147.3 kW. The calculated COP of the heat pump is about 3. The thermal 
power required to cool down the CO2 stream in the air exchanger to bring it back to the liquid state is 229.8kW. 
Figure 8 (a) illustrates the heat transfer profiles of the first heat exchanger, showing a good coupling between 
the resource and the user (a result of the selection of a trans-critical Heat Pump). Figure 8 (b) shows the heat 
transfer profile of the air exchanger that produces the liquid CO2 recovery stream. 

 

Figure 8.  Heat exchange profiles of a) the transcritical heat pump, and b) the air exchanger. 

During summer operation, given the potential of the available CO2 flow rate, it is possible to satisfy a 480kW 
cooling load. In this condition, therefore, the system meets the cooling needs of the Acquerta shopping centre, 
with the possibility of distributing about 122kW of cold to the San Pietro in Palazzi households. The difference 
between summer and winter is dictated by the fact that in summer for cooling the load is greater for the 
individual user, especially considering the shopping centre. 

7.3. Methanol Synthesis Systems 

For the MSS1 system, hydrogen from H2S is compressed to 3MPa in order to combine the hydrogen stream 
produced by the electrolysers. Then the hydrogen flow is further compressed up to 6.5 MPa, the working 
pressure of the MSS. The power consumed is equal to 81.72 kW. Since de compression power required by 
the CO2 is equal to 9.4 kW, the total power absorbed by all compressors in the MSS1 is about 93 kW. 

Also for the MSS2 system, located at the Solvay Chimica S.p.A. premises, hydrogen must be compressed to 
6.5 MPa. In this case, the power consumed is equal to 329.6 kW. As previously specified, it is supposed to 
take CO2 from the vapour phase pipe (4 MPa); therefore, it must also be compressed. The total compressor 
power for the MSS2 is about 193.3 kW. For both MSS systems, the overall power requirement of the 
compressors is mainly due to hydrogen compression. 

As described previously, several heating and cooling processes take place in different sections of the system, 
requiring an accurate analysis to identify a correct coupling between the different flows to enhance the system’s 
performance. An internal heat recovery was performed to reduce the external requirements of thermal energy 
(Fig 5). In Table 4 the heating and cooling processes within the MSS are summarised. 

Table 4.  Main heat transfers in the MSS1 and MSS2. 

Heat 
requirement 

Process Fluid 
Thermal power [kW] 

MSS1 MSS2 

Heating 
HX1 Reactor inlet 440 8100 

HX2 Methanol and water 46.65 211.5 

Cooling 
C1 Reactor product 559.6 2368 

C0 F1 liquid product 22.10 107.9 

 

As shown in Table 4, since the MSS does not need external heat input (HX1 and HX2), the main thermal 
energy load can be identified in the cooling process of the synthesis reactor products (C1) that need to be 
cooled to about 50°C to separate methanol and water from incondensable gases.  

436.55 kg/h of methanol are obtained for the MSS1 system and 2078.6 kg/h of methanol for the MSS2 system, 
which correspond to 98% and 95% of stoichiometric methanol, respectively. Considering an operation of 8760 
h/y, the annual methanol production of the plants is equal to 22 kton. Bearing in mind that the annual carbon 



dioxide emissions of the Valle Secolo plant are about 95 kton/year, the two MSS allow using of about 33% of 
these emissions. 

7.4. Mass and energy balance 

Table 5 collects the results from the mass balance of the system, showing that the yield is 0.7kg of methanol 
per kg of CO2 supplied. The production of oxygen is 0.47kg per kg of CO2 supplied. A further development of 
the MSS could be the combustion of the purge stream 19 (Fig 5) and thus the production of electrical energy. 
The results from the energy balance of the system are gathered in Table 6, which shows that water electrolysis 
corresponds to 87.6% of the net electricity consumed by the entire process.  

Table 5.  Mass balance (not including the remaining CO2 transported to the final terminal). 

Compound In (t/h) Out (t/h) 

CO2 3.61 0.0121a 

CO 0 0.0036a 

H2 0 0.1278a 

H2O 1.928 1.45 

Methanol 0 2.52 

O2 0 1.71b 

a Contained in stream 19 (purge) 

b Oxygen generated by water electrolysis 

Table 6.  Energy balance. 

Unit Operation Amount [MWel] Amount/tMeOh [kJ/ton MeOh] 

Water electrolysis Power to AEL 10.8 0.604 

H2S reduction Power to PCR 0.157 0.003 

CO2 preparation CO2 
Compression 

1.09 0.02 

Methanol synthesis and purification Compressors 0.29 0.005 

Total net electricity consumption 
 

12.332 0.633 

 

7.5. CO2 emissions avoided 

The assessment of avoided CO2 emissions is done by investigating the difference between two scenarios: the 
conventional and the innovative. In the conventional scenario, emissions are due to conventional methanol 
production: most of the commercial methanol produced today comes from fossil fuels, typically using steam 
reforming from the natural gas feedstock. CO2 emissions from conventional methanol generation are assumed 
equal to 0.555 kg CO2/kg methanol [16]. In the innovative scenario, the emissions are only those of the scheme 
to produce methanol with the H2+CO2 reactor, i.e. 0.005 tons CO2/t of methanol. It should be emphasized that 
the energy sources necessary for the processes described must be assumed consistently with the purpose of 
this investigation, therefore the use of electricity from renewables is necessary. 

The total CO2 emissions of both MSS are 105.7 tons/year, considering 8760 operating hours, and with a 
production of 22 kton/year of methanol; with the conventional system, on the other hand, 12kton/year of CO2 
would be emitted considering the same methanol production and the same operating hours.  

The emissions avoided for utilities were calculated for heating from the values of the energy performance index 
already calculated in primary energy and assuming the use of natural gas with emissions of 199 g CO2/kWh 
[17]. For the production of cold, the use of electricity for the supply of the refrigeration cycle with a COP 3 with 
emissions of 355 g CO2/kWh for electricity was assumed [18]. Therefore, this results in a reduction in emissions 
related to the heating and cooling services provided of about to 237 tons of carbon dioxide per year. 

8. Conclusion 
This work tackles the problem of the greenhouse effect, which is a global problem, and something important 
on a regional scale. The Tuscany region has almost 1000MW of geothermal energy installed, the only region 
in Italy with a long tradition on this. Geothermal energy has raised problems, but it has also brought a lot of 
wealth: at present, geothermal is supplying the largest share (over 78%) of renewable energy in the Tuscany 
region [19]. The energy transition towards carbon waste-free urban districts relies on local renewable energy 
assets. As part of the ecological transition, some things will have to change, and this document investigates 
the possible circular uses of geothermal carbon dioxide, which represents a waste in electricity production, but 
also a fraction that would still have been released naturally from underground [20]. The scenario investigated 
in this study lies in some fundamental pillars:  



▪ hydrogen recovery along the way: 103.2 tons/year of hydrogen from the reduction of hydrogen sulphide 
and 3463 tons/year from Solvay S.p.A.  

▪ production of green hydrogen by electrolysers powered with renewable energy: 630 tons/year of green 
hydrogen are produced;  

▪ implementation of Power-to-X technology: 22033 tons/year of methanol are produced by converting about 
32 kton/year of carbon dioxide (about 33% of the Valle Secolo total emissions);  

▪ promote the co-generation and distribution of heat and cold for users: 869 MWh/year of thermal load for 
heating and 543 MWh/year of cooling demand are satisfied. In this way, 100% of the thermal and cooling 
requirements of Acquerta S.C. and 1.2% and 2% of that of San Pietro in Palazzi are fulfilled during winter 
and summer operations, respectively. 

The circular use of CO2 also makes it possible to reduce emissions due to heating and cooling operated in an 
unconventional way: about 240 t/year of CO2 would be saved. There is also a saving of emissions in the 
methanol cycle because if the same amount of methanol had to be produced through fossil fuels, about 12 
kton/year of CO2 would be emitted. Hypotheses of sequestration of CO2 not converted along the route could 
also be evaluated, as well as bottling, liquefaction and shipment from the port of Livorno. A further future study 
will concern the economic feasibility of the system. 

In conclusion, this work focused on the Tuscany region represents a screening of interesting possibilities for 
sustainable development. 
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Nomenclature 
Abbreviations 

AEL Alkaline water Electrolysis 

AMIS Abatement of Mercury and Hydrogen 
Sulfide, in the Italian language 

CDD Cooling Degree Days 

DBD Dielectric Barrier Discharge 

GPP Geothermal Power Plants 

HDD Heating Degree Days 

MSS Methanol Synthesis Section 

NCG Non-Condensable Gases 

PCR Plasma Catalytic Reactor 

PV  Photovoltaic 

List of Symbols 

D Diameter, m 

mv Volumetric flow rate, m3/s 

p Pressure, MPa 

T Temperature, °C 

Greek symbols 

μ Viscosity, Pa.s 

ρ Density, kg/m3 

Subscripts 

c critical 

i,opt optimum inner 

s saturation 
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Abstract: 

In order to mitigate climate change, the expansion of renewable sources especially in the fossil-dominated 
heating sector is necessary. Geothermal sources represent a promising low-carbon alternative for heat supply. 
In this study, a Life Cycle Assessment of an operating deep geothermal heat plant in the Southern German 
Molasse Basin is conducted according to ISO 14040 and 14044. The plant utilizes a hydro-geothermal source 
and consists of a total of two production wells and one injection well with thermal water temperatures of up to 
107 °C and an output of 16.7 MW. For peak load and redundancy, three oil boilers with a total capacity of 
17 MW are installed. The heat plant is connected to a 48.5 km district heating network for the supply of 1800 
customers. As functional unit 1 kWh net heat at the customer is chosen. For the impact categories Global 
Warming Potential (GWP), fossil resource scarcity and terrestrial ecotoxicity are considered. The 
environmental impact amounts to 78.5 g CO2-eq./kWh, 29.2 g oil-eq./kWh and 399.0 g 1,4-DCB/kWh, 
respectively. In addition to the main results, selected scenarios have been analyzed with regard to the potential 
of switching the electricity mix and the peak load coverage between oil, natural gas and biomethane. The 
results show that switching to a renewable electricity mix leads to the biggest reduction with 57.8 % for the 
GWP. 

Keywords: 

Geothermal heat plant, district heating, Life Cycle Assessment; peak load coverage, electricity mix, 
Sustainability 

1. Introduction 
In order to meet the objective of the IPCC and limit the anthropogenic impact on the environment, it is essential 
to decarbonize the heating sector. In Germany, especially, the share of renewable sources for heat is 
considerably low with only 16.5 % [1]. Geothermal energy has great potential and could substitute up to 40 % 
(7 655 MW) of the heat demand in the state of Bavaria [2]. Therefore, the technology has gained political 
interest also due to the independence of fossil fuel supply. 

However, even with this technology, which is characterized by the costly deep drilling, the question of how well 
it is compatible with the climate is open. The Technical Expert Group on Sustainable Finance has set a 
threshold of 100 g CO2-eq./kWh that makes a technology compatible with the Paris climate agreement [3]. 
Additionally, this threshold decreases every 5 years until net zero in 2050. This ensures the necessity to identify 
strategies for the reduction of Global warming potential (GWP).  

In this study, a LCA is conducted analyzing the categories GWP, fossil resource scarcity (FRS) and terrestrial 
ecotoxicity (TE) for a currently operating geothermal heat plant in the Southern German Molasse Basin in the 
greater Munich area. Additionally, the influence of auxiliary energy is investigated and the potential of reducing 
the environmental impact is analyzed through scenario analyses regarding electricity mix and peak load 
coverage. 

 

2. Goal and Scope 
The LCA in this study is conducted according to ISO 14044 and 14040 [4,5] which include the four phases: 
definition of goal and scope, inventory analysis, impact assessment and interpretation. These phases are 
explained in detail in the next sections. 



 

2.1. Objective 

The objective of this study is to conduct an LCA of a currently operating geothermal heat plant and its district 
heating network (DHN) in the Southern German Molasse Basin which includes the impact categories GWP; 
FRS and TE. Furthermore, the use of auxiliary energy is analyzed by conducting scenarios regarding the 
electricity mix and the peak load coverage. For the applied electricity mix the location based German electricity 

mix is compared to two renewable mixes (see Table 6). With the peak load coverage, the fuels light fuel oil, 
natural gas and biomethane are weighted up. 

For the LCA, all energy and material flows for the life cycle stages construction, operation and decommission 
are considered. Thus, a cradle to grave approach is applied. To ensure comparability with other LCAs, a 
lifetime of 30 years is chosen, as is suggested by [6]. According to [7] and [8] DHNs exceed the life time of the 
heat plant with respectively minimally 40 and 50 a. Therefore, it is assumed that the DHN either will be used 
for another heat plant right away or remains unchanged in the ground until a new use. Either way there is no 
decommissioning scenario attributed to the life-cycle of the geothermal plant. 

For operators of geothermal heat plants and decision makers the results can be of interest for developing 
strategies for the reduction of the environmental footprint along with planning future plants. 

 

2.2. Functional unit 

In order to present the result in a comparable way, all energy and material flows are related to one variable 
according to [4]. In this study, 1 kWh of net energy at the consumer has been selected for this purpose. This 
means that both DHN losses and the generation of auxiliary energy for peak load coverage and redundancy 
by oil boilers were considered. 

 

2.3. Geothermal heat plant 

In this section, the analyzed geothermal heat plant is presented. It is located in the Southern German Molasse 
Basin which is characterized by a porous water-bearing carbonate rock layer at a depth of 2000 to 3000 m in 
the greater Munich area, sloping down to the south [2]. Therefore, the plant relies on hydrothermal energy. It 
went into operation in 2005. The 104 °C hot water is drawn from two production wells and after the heat transfer 
at the heat exchangers it is fed back into one injection well. The heat exchangers are connected to the district 
heating network (DHN) as well as light fuel oil fuelled boilers which cover peak load and redundancy in case 
of maintenance or component failure. Through the DHN the heat plant supplies heat to 1800 customers. 
Relevant parameters can be found in Table 1. 

 

Table 1.  General Parameters of the geothermal heat plant [9]  

Parameter Value 

Maximal geothermal energy 16.7 MW 
Maximal energy by peak load and redundancy boilers 17 MW 

Average operating hours full load 4234 h 
Proportion of heat from geothermal energy 95 % 

Proportion of heat from peak load and redundancy boilers 5 % 

Production well 1 measured depth 4666 m 
Production well 2 measured depth 4120 m 
Injection well measured depth 3984 m 

DHN  
DHN total length 48.5 km 
DHN users 1800 
Total installed load (2021) 29.75 MW 

 

2.4. Data source and methodology 

In this section, the important matter of data quality is addressed which needs to be included in any report for 
a LCA according to [4]. As far as possible for this study, primary data provided by the plant operator was used. 
If no data was available suitable literature was utilized. Thereby, it was ensured that the applicability was 
granted, e.g. through suitable geographical and time related similarity. 

 



To conduct the LCA, the software SimaPro (version 9.4.0.1) and the database ecoinvent (version 3.8) were 
utilized. Within ecoinvent, the system model “allocation cut-off by classification” was selected. This database 
provides an extensive selection of processes including pre-chain emissions in addition to direct emissions. 
ecoinvent provides the characterization factors to allocate environmental effects to conduct the life-cycle 
impact assessment (LCIA), which considers for example for the impact category GWP how much greenhouse 
gas is emitted for every energy and material in- and output collected in the LCI-phase. For the results the 
method ReCiPe midpoint (hierarchist) [10] is applied. Thereby, as impact categories, GWP (with a time horizon 
of 100 years, according to the hierarchist view) TE and FRS are selected.  

 

3. Results and Discussion 
 

3.1. Base Case 

For the base case, the construction of the subsurface with the boreholes and the surface components are 
included. This involves the heat exchangers and peak load and redundancy boilers and plant parts. 
Additionally, the DHN is considered. The extensive LCI can be found in [9], any changes to the original LCI 
can be found in Table 7 in the appendix.  

In Figure 1 the results for the base case are shown. Hereby, the general results are 78.6 g CO2 eq./kWh for 
GWP, 399.0 g 1,4-DCB/kWh for TE and 29.3 g oil eq./kWh. It is apparent, that the operation phase dominates 
the environmental impact for all categories whereas for FRS the construction of the DHN also has a significant 
impact with 27 %. This is due to the light fuel oil product bitumen that is used for the asphalt which needs to 
be replaced for the installation of the pipes under streets (see also [9]).  

Taking a closer look at the operation phase it is apparent that the main impact comes from the electricity 
consumption and the peak load and redundancy coverage. The latter has a high impact since it is oil based. 
The electricity consumption’s high impact is due to the high share of fossil sources like coal and natural gas in 
the German electricity mix. For the lifetime from 2005 to 2035 this amounts to 55.8 % (electricity mix based on 
[6] and [11]).The greatest influence of the operation is seen for the GWP: hereby the electricity consumption 
of the pumps leads to 62.0 % and the peak load and redundancy coverage to 21.2 %. For the TE the peak 
load coverage and redundancy have the biggest impact with 48.0 % and for FRS the electricity consumption 
dominates the impact with 43.1 %. 

 

Figure 1.  LCA results of a geothermal heat plant with DHN for the operating years of 2005-2035. 

With these general results for GWP the threshold of 100 g CO2/kWh proposed by [3] can be met with ease. 
They also propose an annual decrease in emissions until net zero 2050. Therefore, strategies should 
nevertheless be developed to further reduce the environmental impact. Since the single biggest contributors 
prove to be within the auxiliary energy namely electricity consumption as well as peak load and redundancy 



coverage, the impact of these is further examined by the following scenario analyses in the sections 3.2 and 
3.3. 

 

3.2. Peak Load Scenarios 

Within this section, various technologies for managing peak energy demand are compared, with particular 
emphasis on those utilizing fuel-based solutions. The comparison is centered around the base case of oil-
fuelled boilers for peak energy coverage, contrasted against the conventionally used natural gas alternative. 
Additionally, consideration is given to the renewable fuel source of Biomethane, which is derived by upgrading 
biogas through chemical means, increasing its methane content to match that of natural gas [12].  

For the use of biomethane two scenarios are created, one with the sole use of biomethane as fuel and the 
second with a mixture of biomethane and natural gas. The latter is created as a realistic approach since the 
production volume of biomethane in Germany is limited which is due to being based on agricultural and animal 
waste as well as energy plants. The latter are in competition for cultivable land for food or feed crops as well 
as the use of biogas for electricity production (7.8 % of the electricity mix in 2022 [13]) [12,14]. The 10 % value 
is based on biomethane shares that are already currently commercially offered in the state of Baden-
Württemberg in Germany [15]. Furthermore, it also fits within the range (8-12%) Arnold et al. [16] propose as 
realistic share of biomethane in the German gas grid by 2030. The following Table gives an overview over the 
different scenarios that are analysed. 

Table 2.  Peak load scenarios 

Scenario Base Case Natural gas Biomethane 90NG 10BM 

fuel Light fuel oil Natural gas Biomethane 90% natural gas and  

10% Biomethane 

 

For the LCI plant parts necessary for using light fuel oil, like the oil storage and catch basin are no longer 
needed and are therefore excluded. Through the ecoinvent data the gas production and the natural gas grid 
is considered proportionally. The material and energy input for the boilers are assumed to be the same for the 
fuel oil and gas, analogous to [17]. Since biomethane is used to substitute natural gas, the same infrastructure 
as for natural gas (gas network and boilers) is assumed as well as the same emissions for the burning in the 
boilers. The greenhouse gas emissions for the burning of biomethane, however, are considered as biogenic 
and are therefore not part of the GWP. The extensive LCI with the selected ecoinvent data for the components 
and the process of burning of the fuels can be found in the appendix in Table 8. An overview of the relevant 
parameters and considered infrastructure for the respective scenarios is shown in Table 3. For the scenario 
with 10 % biomethane and 90 % natural gas the models for natural gas and biomethane from Table 3 are 
considered proportionally. 

Table 3.  Parameters for the peak load scenarios with the base case (light fuel oil), natural gas and 
biomethane 

Parameter Base case Natural gas Biomethane 

Degree of utilization 91 %a 96 %b 96 %c 

Plant components Boiler 

chimney 

Boilerd 

chimney 

Boilerd 

chimney 

Fuel supply Oil storage and catch 
basin 

Natural gas network Natural gas network 

Direct emissions per kg light 
fuel oil/m3 high pressure gas 
according to ecoinvent 
process 

heat production, light 
fuel oil, at industrial 
furnace 1MW 

heat production, 
natural gas, at boiler 
modulating >100kW 

heat production, natural 
gas, at boiler modulating 
>100kWe 

a: degree of utilization for the year 2019, assumed to remain the same over the life time 
b: for a modulating, not condensing boiler according to [18] 
c: Same value assumed as for natural gas 
d: the same inputs are considered as for the oil fuelled boiler analogous to [17] 
e: all emitted greenhouse gases are biogenic and are therefore not relevant for the GWP 

 

In Figure 2 the LCA results for the peak load coverage are shown considering the different scenarios. Hereby, 
only the results for heat generation by the peak load boilers are shown as opposed to the heat generation of 
the whole geothermal plant.  



The results are depicted relative to the oil fuelled base case (BC). The other scenarios are the coverage by 
natural gas (NG), biomethane (BM) and the realistic scenario with 90 % supply by natural gas and 10 % 
biomethane (90NG10BM).  

 

 

Figure 2.  LCA Results of heat generation of different peak load coverage technologies: base case with light 
fuel oil (BC), natural (NG) and biomethane (BM) as well as a realistic mixture of 90 % natural gas and 
10 % biomethane (90NG10BM) relative to the biggest contributor. 

The relative results from Figure 2 are also shown in Table 4 as absolute values per kWh generated heat at the 
plant. In general, all gaseous fuels lead to a reduction of the environmental impact. Beside the higher emissions 
from burning oil compared to natural gas, this can be partly explained by the difference in utilization factors 
(that are generally higher for gas boilers than for using oil [19]). Additional contributions are the reduced fossil 
sources and emissions for biomethane compared to light fuel oil as well as reduced plant components. As 
expected, the biggest reductions for FRS and GWP are achieved by using biomethane. With the realistic 
scenario the GWP can be reduced by 33.3 % and the RRS by 13.4 %. For the TE the switch to the gaseous 
fuel in general leads to the biggest reduction since the oil combustion has a very high TE comparably.  

 

Table 4.  Results of the environmental impacts GWP, RE and FRS of the peak load coverage scenarios per 
kWh produced heat at the boilers (i.e. without DHN heat losses) considering construction, operation 
and decommissioning of the peak load components 

 Base case Natural gas Biomethane 90ng 10bm 

GWP [g CO2/kWh] 353.5 257.9 38.2 235.9 

TE [g 1,4-DCB] 4497.6 173.0 239.3 179.6 

FRS [g oil eq] 110.9 105.8 8.2 96.1 

 

If now the whole heat plant is considered again (see Table 5), with using 100% biomethane a reduction in 
GWP of 20.4 % can be achieved compared to the base case. Whereas the use of natural gas only reduces 
the total GWP by 3.2 %. Increasing the amount of biomethane in the gas network would lead to a significant 
reduction in GWP whereas for TE the switch to either gas greatly decreases the impact (49.4 % for natural 
gas) with natural gas having a slightly higher reduction potential than pure biomethane. The great effect on the 
heat plant concerning FRS can be again achieved with biomethane with a reduction of 17.6 %. Since FRS is 
based on the caloric value of the fossil fuels, the difference between oil and natural gas is mainly due to the 
higher degree of utilization assumed for the use of natural gas (see Table 3). 



Table 5.  Results of the environmental impacts GWP, RE and FRS of the peak load coverage scenarios per 
kWh produced heat by the whole geothermal plant  

 Base case Natural gas Biomethane 90ng 10bm 

GWP [g CO2/kWh] 78.6 74.1 62.2 73.0 

TE [g 1,4-DCB] 399.0 201.8 202.9 201.9 

FRS [g oil eq] 29.3 29.1 24.2 28.6 

 

To conclude, switching to natural gas has a small positive impact for GWP and FRS and a significant reduction 
for TE. Except for TE an increase of biomethane in the gas pipelines significantly decreases the environmental 
footprint of the plant. Although it has to be considered that the biomethane share in the gas network is 
dependent on the development of the gas market.  

 

3.3. Renewable Electricity Mix Scenarios 

To analyse the ecological potential of changing the consumed electricity mix, the base case is compared to 
two scenarios with renewable electricity mixes. The base case includes the location-based electricity mix in 
Germany for the respective electricity demands for each year over the plant’s life time of 2005-2035. Whereas 
the future German electricity mix is obtained from the projection of [20]. To show the difference to a fully 
renewable mix, the base case is compared to the scenario with the mix of renewable energy of the year 2022 
(RE22) [13]. Additionally, as an example of a commercial mix, a scenario containing 90 % hydro and 10 % 
wind power is created. The average shares of power sources can be found in Table 6. 

 

Table 6.  Composition of the examined electricity mixes with the base case displaying the general German 
electricity mix for the years 2005-2035 considering the differing yearly energy demands of the heat 
plant over the life time. Future mixes are modelled according to [20]. 90H10W displays an example 
of the potential of commercially available composition. RE22 is the market of renewable electricity in 
2022 according to the German Federal Network Agency [13]. 

 Share [%] 

Energy source Base case 90H10W RE22 

Fossil sources 55.8 0 0 

Biomass 8.4 0 17.0 

Hydro 3.6 90.0 5.3 

Wind offshore 6.4 0 10.7 

Wind onshore 17.4 10.0 43.3 

Solar 7.8 0 23.8 

Other renewables 0.6 0 0 

 

In Figure 3 the environmental impacts in regard to GWP, TE and FRS are shown. The results are depicted as 
normalised to the base case with it being 100 %. With the renewable scenarios a big reduction can be achieved 
for the GWP with 50.6 % for EE22 and an even bigger reduction for 90H10W with 57.8 %. For FRS there is 
also a substantial reduction of 40.6 % for EE22 and 42.7 % for 90H10W. The TE is not influenced in the same 
way. There is only a reduction of 10.8 % for 90H10W and RE22 even exceeds the base case by 13.5 %. This 
can be explained by looking at the TE of the considered renewable technologies: Solar power has a TE of 
3207 g 1.4-DCB/kWh, which is much higher than the other technologies which are located at most in the three-
digit range. With this data it is clear that it cannot simply be assumed that environmental compatibility will 
always be improved by switching to renewable energy sources. Therefore, the technologies must be carefully 
selected. 

 



 

Figure 3.  LCA results for the categories GWP TE and FRS for the Variation of the consumed electricity mix; 
comparison of the German electricity mix and the renewable mix for 2022 RE22 as well as a mix with 
90 % hydro power and 10% wind. 

The results reveal the potential of choosing an electricity contract with renewable energy. Even though there 
has to be close look at the composition of the renewable energy mix to ensure a substantial reduction for a 
holistic environmental improvement. 

 

4. Conclusion 
In this study a LCA for a currently operating heat plant in the Southern German Molasse Basin was conducted. 
Thereby the impact categories GWP, TE and FRS were chosen as well as the method ReCiPe Midpoint (H) 
[10]. All environmental impacts are related to the functional unit of 1 kWh net thermal energy. The 
environmental impact of the heat plant amounts to 78.5 g CO2-eq./kWh, 29.2 g oil-eq./kWh and 399.0 g 1,4-
DCB/kWh. The biggest contributor for all categories is the use of auxiliary energy with electricity consumption 
and peak load coverage by oil boilers. For FRS the DHN also has a significant share with 27.3 %. Therefore, 
the electricity mix and peak load coverage are analyzed with scenario analyses.  

In the base case the electricity is modelled according to the electricity mixes for every year and the demand 
over the plant’s life time. The future mix is modelled according to [20]. For a renewable energy mix the German 
mix of renewables of 2022 is applied as well as a mix of 90% hydro and 10 % wind power. The biggest 
reduction is achieved with the scenario 90H10W with 57.8 % for GWP, 10.8 % for TE and 40.5 % for FRS. 
Surprisingly, the RE22 scenario leads to a TE that is even bigger than the base case due to the high impact 
of solar power on that category.  

For the peak load coverage, the base case with oil fueled boilers is compared to the fuels natural gas, 
biomethane and a realistic mixture of both with 90 % natural gas and 10 % Biomethane. Peak load coverage 
with gas always performs better than with oil, with biomethane having the largest effect for GWP and FRS, 
thus reducing the base case by 20.4% for GWP and 17.6% for FRS. For TE, the reduction by gaseous energy 
materials is the highest, with natural gas performing slightly better than biomethane with a reduction of 49.4%. 
The mixed scenario 90NG10BM was investigated, since a supply of pure biomethane from the gas pipelines 
is unrealistic due to the limited capacity of producing biogas sustainably [21]. Even if the biomethane share is 
low, significant reductions can still be achieved.  

 

These findings show that deep geothermal heat plants are able to comply with the threshold of 100 g CO2/kWh 
by the [3]. Additionally, it also proves the potential of the choice of auxiliary energy in terms of electrical energy 
mix and peak load coverage to effectively reduce the environmental impact and thus meet the objectives of 
ongoing GWP reductions until 2050 of the Technical Expert Group. This could be used as incentive for the 
operators to switch to electricity contracts with renewable sources to further decrease the GWP and FRS.  

 

In future work the potential of peak load coverage other fuels and technologies will be considered. For example 
in [21] there were also scenarios considered in which the gas demand is covered mainly by e-methane and 
hydrogen. It would be interesting to investigate these fuels as a basis for peak load. Additionally, other peak 
load technologies that are not based on fuels should be considered like electric boilers, high-temperature heat 
pumps or thermal storages. 



Additionally more impact categories as suggested in [6] can be considered, especially regarding biodiversity 
which is also a pressing issue alongside climate change. 
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Appendix 
This study is an extension of [9]. A correspondingly comprehensive LCI of the heat project can be taken from 
there. In the following, only the modifications are listed in Table 7 and Table 8. The latter also lists the different 
chosen inputs for the peak load scenarios from section 3.2. 

Table 7.  Changes to the LCI in comparison to [9]. 

Parameter Description Unit Value Source 

Plastic sheath pipes Steel, low-alloyed and drawing of pipes kg/m DHN 15.27 [22] 
 

Polyethylene, high density and extrusion, plastic pipes kg/m DHN 4.43 [22] 
 

Polyurethane, rigid foam  kg/m DHN 4.01 [22] 
 

Tap water  kg/m DHN 17.68 [22] 
 

Sand kg/m DHN 243.34 [22] 

Trench work Welding: argon, liquid g/m DHN 30.93 [23] 
 

Welding: diesel, burned in diesel-electric generating set MJ/m DHN 2.22 [23] 
 

Bitumen adhesive compound, hot kg/m DHN 213.16 [23] 
 

Diesel, burned in building machine MJ/m DHN 270.68 [23] 
 

Waste asphalt kg/m DHN 149.52 [23] 

Transport Transport, freight, lorry >32 metric ton tkm/m DHN 51.34 [23] 

 



Table 8.  LCI inputs for peak load coverage. 

Parameter Description Unit Value Source 

Cruide oil/natural gas boiler Aluminium, cast alloy kg 557.05 [18,24] 

 Steel, chromium steel 18/8, hot rolled kg 24880.17 [18,24] 

 Stone wool, packed kg 716.63 [18,24] 

 Electricity, medium voltage kWh 15430.77 [18] 

 Heat, district or industrial, natural gas MJ 88138.46 [18] 

 Heat, district or industrial, other than natural gas MJ 46553.85 [18] 

 Transport, freight, lorry 16-32 metric ton, euro3 tkm 1307.69 [18] 

 Transport, freight train tkm 15692.31 [18] 

 Transport, freight, lorry 7.5-16 metric ton, euro3 tkm 1307.69 [18] 

Oil storage and catch basin Oil storage, 3000l p 140.60a [18] 

 Transport, freight, lorry 16-32 metric ton, euro3 tkm 6896.55 [18] 

 Transport, freight train tkm 82758.63 [18] 

 Transport, freight, lorry 7.5-16 metric ton, euro3 tkm 3416.82 [18] 

Chimney Chimney m/kWhb 1.32E-07 [18] 

 Transport, freight, lorry 16-32 metric ton, euro3 tkm/kWhb 6.91E-07 [18] 

 Transport, freight train tkm/kWhb 8.29E-06 [18] 

 Transport, freight, lorry 7.5-16 metric ton, euro3 tkm/kWhb 3.29E-09 [18] 

Heat production light fuel oil Light fuel oil kg/MJc 2.57E-02 Operator 

Heat production natural gas Natural gas, high pressured m3/MJ 2.87E-02 [18] 

Heat production natural gas Biomethane, high pressured m3/MJ 2.87E-02 [18] 

a: scaled to oil consumption for one year (4 GWh for 2019) according to [18] 
b: scaled to total heat production through boilers according to [18] 
c: MJ produced heat for peak load and redundancy, in total 81.6 GWh. Amount of fuel per MJ according to caloric values and degree 
of utilization                                                                                                                                                                                                                 
d: the natural gas grid is included proportionally in the dataset for natural gas and biomethane 
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Abstract: 

In this paper, the utilisation of groundwater heat pumps for residential heating and cooling purposes is 
presented. A case study located in Florence (Italy) is discussed. First, a building energy analysis has been 
performed to obtain the thermal loads. Then three heat pump systems (system 1: air-to-water, 2: groundwater-
to-water, 3: surface water-to-water) have been designed and compared in terms of electric energy 
consumption, taking into account the dynamic changing of boundary conditions of the building. Finally, a Life 
Cycle Assessment analysis has been conducted to evaluate the environmental impacts of the systems. To 
ensure a yearly heating energy request of 2 780 kWh (peak load of 5 kW) and a yearly cooling energy request 
of 630 kWh (peak load of 4.4 kW) the systems present a yearly electricity consumption of 1 088 kW, 770  kW 
and 872 kW for system 1, 2 and 3 respectively. So the groundwater-to-water solution is the most efficient in 
terms of energy consumption. Based on LCA evaluation, system 2 is the environmentally less impacting 
system, with a Climate Change factor of 0.15 kg CO2 eq/kWh against the 0.21 kg CO2 eq/kWh of system 1. In 
terms of single score level, system 2 and system 3 are characterised by a reduction in impacts of about 24 % 
compared to system 1. The dynamic energy and LCA studies clearly show that the solution based on 
groundwater exploitation, in this context, is a very effective way to reduce electricity consumption and 
environmental impacts, confirming that the large-scale implementation of groundwater heat pump systems 
could be a promising option for the decarbonisation of residential heating and cooling sector. 

Keywords: 

Groundwater heat pump, Heating&Cooling, Energy-efficiency, Energy-saving, Decarbonisation, 
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1 Introduction 
Energy requirements for refrigeration and air conditioning (AC) sectors are becoming wider and wider, with AC 
systems that account for 20-30 % of the electricity consumption of buildings [1–4]. To obtain large-scale 
decarbonisation, it is evident that it is necessary to reduce the energy needs of AC systems. The utilisation of 
efficient heat pumps, instead of the classic thermal power generation devices (e.g. boilers), has represented 
an important step forward [5]. Heat pumps consume electricity to operate, that in many cases is produced from 
fossil fuels. To reduce the consumption of this form of primary energy in heat pumps operation, it is possible 
to implement two main strategies: producing electricity starting from renewable sources (e.g. photovoltaic), 
and enhancing the efficiency of the system through the utilisation of favourable external thermal sources. This 
last point is crucial: if the external heat exchanger of a heat pump (evaporator in heating season, condenser 
in cooling season) works with a source at a temperature close to the one of the user, a consistent increase in 
the efficiency happens. In this sense, a very promising solution is coupling heat pump devices with ground (or 
geothermal) sources. This is the concept of a Ground Source Heat Pump (GSHP). At depths of a few meters, 
the ground temperature is stable during the year and it is in contrast with the trend of air temperatures, as in 
the hot months ground is cooler than the outdoor air, conversely, in cold months the ground is warmer than 
the outdoor air. The quasi-constant temperature, quite close to the setpoint temperature of indoor 
environments, leads to obtaining very high values of the Coefficient Of Performance (COP) of the systems, 
with consequent energy savings [6]. A GSHP system consists mainly of a ground heat exchanger, a heat 
pump, and a heating/cooling distribution network [7]. The type of geothermal source used for heat exchange, 
like ground, groundwater and surface water, defines the type of system: ground heat pump (GHP), 
groundwater heat pump (GWHP) and surface water heat pump (SWHP) [8]. The last two systems are the 
object of this study. In a GWHP system, the groundwater is extracted from a water source and it exchanges 



heat with the heat pump, then is discharged. A GWHP could be built in different configurations: open loop with 
aquifer reinjection, standing column wells and open loop systems discharging to waste. In an SWHP there is 
the presence of a reservoir in which the groundwater is pumped. In this case, there is the possibility to realise 
an open loop or a closed loop configuration. 
In this paper, the utilisation of groundwater heat pumps for heating and cooling purposes in a residential 
building located in Florence (Italy) is analysed. The work aims to show, considering real and dynamic boundary 
conditions, how the exploitation of a natural, renewable and local source such as groundwater could improve 
the performance of heat pumps. An energy analysis of the building has been performed, in order to obtain the 
heating and cooling loads necessary to design the systems. Three systems have been studied and compared: 
a traditional air-to-water heat pump, a groundwater-to-water heat pump and a surface reservoir water-to-water 
heat pump. With specific dynamic calculations, the energy needings of the three systems have been evaluated. 
Then, a Life Cycle Assessment analysis has been conducted. The obtained results lead to consider the 
utilisation of groundwater-driven heat pumps as a very energy-efficient solution in this case study and in 
general a promising option for the decarbonisation of the residential heating and cooling sector. 

2 Materials and methods 
The studied building is located in Florence (Italy). The analysis has been conducted assuming a revamping of 
the existing building envelope, able to bring it to respect the prescriptions of Italian standards [9] in terms of 
thermal insulation. Three heating/cooling systems are proposed: an air-to-water heat pump (system 1, AHP), 
a groundwater-to-water heat pump (system 2, GWHP) and a surface reservoir water-to-water heat pump 
(system 3, SWHP). The system 3 solution has been considered because the building is located in the proximity 
of a reservoir used for irrigation. Alongside the heating/cooling systems, it is supposed the utilisation of a 
mechanical ventilation system to ensure high indoor air quality. Two software have been employed to conduct 
the energy analysis of the building: Design Builder and EC700. Once the heating and cooling loads have been 
calculated with these software, they have been used to design the different schemes. Moreover, an hourly 
dynamic energy analysis (with Design Builder and Matlab, specifically for the surface reservoir water heat 
pump) has been performed to obtain the input data necessary to simulate the behaviour of the devices during 
the heating and cooling season. To evaluate the consumption, a switch-on profile of the systems is defined. In 
this way, taking into account the presence of people during the day and consequently the real behaviour of a 
heating/cooling system of a residential building, it has been possible to estimate the yearly consumption of the 
different schemes. The environmental analysis has been carried out according to ISO 14040 and ISO 14044 
standards [10,11],  employing the software OpenLCA with the Ecoinvent 3.7 database [12] and following these 
steps: Goal and scope definition, Life Cycle Inventory (LCI), Life Cycle Impact Assessment (LCIA), 
Interpretation. The aim was to define which of the three proposed solutions is the least environmentally 
impactful. The system boundaries are the heating and cooling equipment, considering all necessary devices 
for the different systems (in particular, for GWHP and SWHP, the pipelines necessary for water withdrawal 
from the wells and the water reservoir). The functional unit is 1 kWh of the total energy exchanged in the 
building by the heating and cooling system. This case has been considered a multiproduct system because 
the product that is generated is both heating and cooling. For this reason, an energy allocation factor equal to 
0.81 is assigned, and it represents the produced fraction of heat compared to cold. The LCI has been derived 
from literature [13] and adequately scaled to the size of the case study. The different piping lengths for GWHP 
and SWHP have been also appropriately related to this situation. LCIA has been carried out following the 
Environmental Footprint 3.0 methodology. The analysis focused on the CO2 emissions produced during the 
entire life cycle of the three systems. Then to investigate the causes of this impact, a contribution analysis has 
been conducted. Finally, results have been normalised and weighted to perform a single score comparison. 

2.1 Climate and groundwater conditions  
The local climatic conditions, necessary for the calculation of thermal loads and simulations, are directly 
defined by the energy analysis software, based on the indications of ASHRAE and Italian standards. The 
outdoor air conditions for the heating and cooling design have been set as follows (Table 1).  

Table 1. Climatic conditions for heating and cooling design. 

Mode    
Heating To 0.0 °C 
Cooling To 32.0 °C 
 RHo 45.0 % 
 R  0.85 kW 

For the cooling design, the climatic conditions are referred to the hour of highest thermal load (deriving from 
the energy balance of equation (5) presented in the following). Moreover, the temperature of groundwater is 
assumed constant throughout the year and equal to 15.0 °C. 

2.2 Indoor setpoint conditions 
The indoor setpoint conditions, ensured during the operativity of the systems, are set as follows (Table 2).  



Table 2. Indoor setpoint condition. 

Mode    
Heating Ti 20.0 °C 
Cooling Ti 26.0 °C 
 RHi 50.0 % 

For the heating mode, there is not a setpoint value for indoor relative humidity because the systems do not 
include devices able to control humidity during the heating season. For the cooling mode, it is possible to 
control also the humidity with the regulation of heat pumps and heat transfer devices (fan coils). 

2.3 Characterisation of the building 

2.3.1 Geometric and envelope characteristics 

The geometric characteristics of the simulated building (Figure 1) are reported in the following Table 3.  

Table 3. Geometric characteristics of the building. 

Number of floors 2  
Total volume 845.0 m3 
Floor occupied area 210.0 m2 

     

Figure 1. Models of the building (Design Builder).  

The characteristics of opaque and transparent elements of the building are reported in the following Table 4. 

Table 4. Thermophysical properties of opaque and transparent surfaces. 

Element    
External wall   
Thermal transmittance 0.25 W/m2/K 
Infrared absorption-emission coefficient 0.9  
Solar radiation absorption coefficient 0.6  
Window (including frames)   
Thermal transmittance 1.0 W/m2/K 
Solar radiation transmission coefficient 0.4  

2.3.2 Internal generation, infiltration and ventilation loads  

In the calculation of the thermal loads, it is necessary to consider the contributions of internal generation (only 
for cooling), accidental infiltration and ventilation. The input data are reported in the following Table 5. 

Table 5. Heat generation contributions. 

Contribution   
Household appliances, electronic devices, lightning   
PD  2.5 W/m2 
People   
OD (full occupancy) 0.03 people/m2 
qs,p 50.0 W 
ql,p 50.0 W 
Infiltration   
Ninf 0.1 vol/h 
Ventilation   
Vv,p 11.0 L/s 

The various contributions of thermal loads are calculated as follows: 



Qdev = PD ∙ S (1) 

Qp = OD ∙ S ∙ (qs,p+ qL,p) (2) 

Qinf = minf ∙ |jo - ji| (3) 

Concerning the repartition of the terms: 

▪ The internal generation due to appliances and electronic equipment contributes to sensible load. 

▪ People load is divided between sensible and latent. 

▪ Infiltration load is divided between sensible and latent. The value of air changes per hour derived from the 
accidental infiltration is assumed low due to the refurbishment of the building.  

▪ The ventilation load is evaluated taking into account the presence of people and the air change per person. 
The effective value of ventilation load depends on the functioning of the air-to-air recuperator, which is 
explained in the paragraph dedicated to the mechanical ventilation system. This load is divided between 
sensible and latent. 

2.4 Heating and cooling loads and needs 

2.4.1 Heating load calculation  

The design heating load (calculated in the worst condition) is determined by thermal losses through opaque 
and transparent surfaces, accidental infiltration and ventilation: 

Qh = Qbs + Qinf + Qv (4) 

2.4.2 Cooling load calculation 

The design cooling load (calculated in the worst condition) is determined by thermal gains through opaque and 
transparent surfaces, solar radiation, appliances generation loads, people presence, infiltration and ventilation: 

Qc = Qbs + Qr + Q
dev

 + Qp + Qinf + Q
v
 (5) 

2.4.3 Heating and cooling needs throughout the year 

Thanks to the dynamic simulation performed by the software, it is possible to calculate the yearly heating and 
cooling energy needs. For each hour of the simulation, the two software take into account the different 
contributions of the building energy balances: the heating and cooling energies are the sum of the hourly 
needings during the respective season.  

2.5 Systems description 
Three heating/cooling systems have been analysed and compared. Regardless of the thermal sources, they 
are reversible heat pumps equipped with scroll compressors. The choice of the scroll compressor is dictated 
by its noiselessness with respect to a reciprocating compressor, making it very suitable in a residential context. 
All of them have fan coils as distribution terminals: the heat pumps produce hot/cold water that circulates in 
the indoor water loop and exchanges heat with the indoor air at the fan coils. Moreover, a mechanical 
ventilation system serves the building, in order to ensure the necessary air changes with outdoor air. A global 
schematisation of these systems and a general representation of the heat pump schemes are proposed in 
Figure 2. 

  

Figure 2. General representation of the systems serving the building (left) and heat pumps simulated in the 
systems (right). 

The evaporator and condenser temperatures are defined by the following equations: 



Tevap = TII - DTevap (6) 

Tcond = TIV + DTcond (7) 

The consumption of the compressor in cooling mode is defined as: 

W = Qevap / COPc (8) 

while in heating mode is: 

W = Qcond / COPh (9) 

Qevap and Qcond correspond to the cooling and heating power exchanged between the heat pump and the 
internal water loop, so to the requested cooling and heating load. COP has been evaluated taking into account 
the change in boundary conditions: evaporator and condenser temperatures, evaporator or condenser power. 
So it is possible to write these general equations for the COP variation: 

COPc = F (Tevap , Tcond , Qevap) (10) 

COPh = F (Tevap , Tcond , Qcond) (11) 

The mathematical formulation of COPc and COPh, which assumes the form of polynomials, depends on the 
commercially available models derived from [14]. 

2.5.1 Air-to-Water Heat Pump (system 1) 

In this system: 

▪ In heating mode, the outdoor coil acts as an evaporator taking heat from outdoor air and the indoor coil 
acts as a condenser releasing heat to the indoor water loop. 

▪ In cooling mode, the outdoor coil act as a condenser releasing heat to outdoor air and the indoor coil acts 
as an evaporator extracting heat from the indoor water loop. 

2.5.2 Groundwater-to-Water Heat Pump (system 2) 

In this system: 

▪ In heating mode, the outdoor coil acts as an evaporator taking heat from groundwater and the indoor coil 
acts as a condenser releasing heat to the indoor water loop. 

▪ In cooling mode, the outdoor coil act as a condenser releasing heat to groundwater and the indoor coil acts 
as an evaporator extracting heat from the indoor water loop. 

This system has 150 m of horizontal pipeline and 30 m of vertical pipeline. 

2.5.3 Surface reservoir water-to-Water Heat Pump (system 3) 

In this system: 

▪ In heating mode, the outdoor coil acts as an evaporator taking heat from the surface water reservoir and 
the indoor coil acts as a condenser releasing heat to the indoor water loop. 

▪ In cooling mode, the outdoor coil act as a condenser releasing heat to the water reservoir and the indoor 
coil acts as an evaporator extracting heat from the indoor water loop. 

This system has 300 m of horizontal pipeline. 

To perform the dynamic analysis of the heat pump, it is necessary to understand the variation of water reservoir 
temperature during the system activation. For this purpose, the energy balance of the reservoir is defined as 
follows [15]: 

𝐸௦ = 𝑐௪ ∗ 𝑀௦ ∗ 𝐷𝑇 (12) 

where the reservoir energy content Eres, evaluated at each hour of systems activation, depends on the following 
terms of the thermal balance: 

▪ Thermal power exchanged with the make-up water from the well, with turn-on time defined by the irrigation 
needs. 

▪ Thermal power received by solar radiation. 

▪ Thermal power exchanged by natural convection with the outdoor air. 

▪ Thermal power exchanged by evaporation through the surface of the reservoir. 

▪ Radiative thermal power in the infrared wavelength exchanged with the outdoor environment. 



▪ Thermal power exchanged by conduction with the walls of the reservoir. 

▪ Thermal power exchanged with the outdoor coil of the heat pump. 

The energy balance of the reservoir has been written for each hour of activation of the systems and has been 
solved with the software Matlab.  

2.5.4 Mechanical Ventilation System 

The system has been designed taking into account the prescription of Italian standards [16]. The airflow rate, 
in the case of full occupancy of the building, is defined as: 

𝑉௩ = 𝑛 ∗ 𝑉௩, (13) 

In order to reduce the ventilation load (both in heating and cooling mode), the system has been equipped with 
an air-to-air recuperator, at which the outdoor air, before entering the building, exchanges heat with the air 
extracted by indoor environments (Figure 3). 

 

Figure 3. Representation of the air-to-air recuperator of the mechanical ventilation system. 

The air-to-air heat exchanger operates on the sensible load, so it is possible to evaluate the temperature of 
outdoor air exiting the recuperator in heating mode as follows: 

𝑇ூூூ = 𝑇ூ + 𝜀 ∗ (𝑇ூூ − 𝑇ூ) (14) 

and in cooling mode as: 

𝑇ூூூ = 𝑇ூ − 𝜀 ∗ (𝑇ூ − 𝑇ூூ) (15) 

where ε is the efficiency of Kays and London, evaluated knowing that outdoor and indoor air flow rates are 
equal and with the same specific heat. 

The thermal load (heating or cooling) generated by ventilation is equal to: 

Qv = mv  ∙  |jIII - ji| (16) 

The ventilation load in heating mode is only in the sensible form, while it is sensible and latent in cooling mode. 
The energy consumption of fans for air moving has not been taken into account, due to the fact it is the same 
in all three systems. 

2.5.5 Indoor water loop 

The temperatures of the indoor water loop (as presented in the scheme of Figure 2), necessary to maintain 
the setpoint conditions in heating and cooling mode, are reported in the following Table 6. 

Table 6. Temperatures of the indoor water loop. 

Mode Temperature   
Heating Supply (TIV) 45.0 °C 
 Return (TIII) 40.0 °C 
Cooling Supply (TII) 7.0 °C 
 Return (TI) 12.0 °C 

3 Results and discussion 
In this chapter, the yearly performances of the three systems are presented. It is given attention to: 

▪ Electric energy requirements to ensure heating and cooling needs. 

▪ Environmental impacts (considering both the construction and operation of the schemes). 

The results have been obtained considering a standard residential utilisation profile of the heating/cooling 
systems. For all the systems analysed, also the variation of COP (heating and cooling mode) alongside typical 
days as a function of sources temperatures is reported. The graphs presented for COP do not account for the 
switching-on profile, but show the behaviour of the systems during an entire day, in order to present the 
response of the systems to the variation of boundary conditions in a general utilisation of the devices. 



3.1 Heating and cooling design loads and energy requirements 
For the design of systems, the following peak loads (Table 7) deriving from the resolution of equations (4) and 
(5), have been obtained: 

Table 7. Thermal load contributions for the design of the systems. 

Mode Contribution   
Heating Qbs 4.2 kW 
 Qinf 0.5 kW 
 Qv 0.3 kW 
 Qh 5.0 kW 
Cooling Qbs 0.5 kW 
 Qr 1.7 kW 
 Qdev 0.5 kW 
 Qp 0.5 kW 
 Qinf 0.4 kW 
 Qv 0.8 kW 
 Qc 4.4 kW 

These values are perfectly similar between Design Builder and EC700. It is useful to note that, during the 
cooling season, a consistent part of the thermal load depends on solar radiation and ventilation, while the 
contribution of the surfaces is limited, as expected from a building with an energy-efficient envelope. In terms 
of necessary heating and cooling energy, the results of Table 8 have been obtained: 

Table 8. Yearly thermal energy requirements. 

Mode   
Heating 2 780.0 kWh 
Cooling 630.0 kWh 

The ratio between heating and the sum of heating and cooling requirements is 0.81, which justifies the 
utilisation of this value for the energy allocation factor in the LCA analysis. 

3.2 Air-to-Water heat pump 
The design conditions of the system are as follows (Table 9): 

Table 9. Design condition for the air-to-water heat pump (system 1). 

Mode    
Heating TII,d -5.0 °C 
 Tevap,d -10.0 °C 
 TIV,d 45.0 °C 
 Tcond,d 50.0 °C 
 COPh,d 2.6  
Cooling TII,d 7.0 °C 
 Tevap,d 2.0 °C 
 TIV,d 37.0 °C 
 Tcond,d 42.0 °C 
 COPc,d 3.0  

The changing of outdoor conditions (both in the heating and cooling season) leads to an appreciable variation 
of COP, as shown in the following Figure 4 referred to the heating and cooling design days.  

  

Figure 4. Heating (left) and Cooling (right) COP (left axis, continuous) against source temperature (right axis, 
dashed), system 1.   



It is easy to note that the air-to-air heat pump is particularly penalised in the hours of the cooling season in 
which the systems should be switched on to ensure the control of thermal loads, with a negative consequence 
on electricity consumption.  

In terms of electric energy consumption, the system presents the following values (Table 10).  

Table 10. Electric energy requirements for the air-to-water heat pump (system 1). 

Mode Energy consumption  
Heating 915.1 kWh 
Cooling 173.0 kWh 
TOTAL 1 088.1 kWh 

3.3 Groundwater-to-Water heat pump 
The design conditions of the system are as follows (Table 11): 

Table 11. Design condition for the groundwater-to-water heat pump (system 2). 

Mode    
Heating TII,d 12.0 °C 
 Tevap,d 7.0 °C 
 TIV,d 45.0 °C 
 Tcond,d 50.0 °C 
 COPh,d 3.9  
Cooling TII,d 7.0 °C 
 Tevap,d 2.0 °C 
 TIV,d 18.0 °C 
 Tcond,d 23.0 °C 
 COPc,d 6.4  

The constant temperature of the groundwater throughout the year leads to obtaining a constant value of COP 
during the heating and cooling season (Figure 5). 

   

Figure 5. Heating (left) and Cooling (right) COP (left axis, continuous) against source temperature (right axis, 
dashed), system 2. 

In the hours of the highest request for the system, the value of COP remains at the high design value without 
any influence of the outdoor air. This is the great advantage of a groundwater solution, i.e. the system can 
work with a very high COP also in the worst conditions of thermal loads. In terms of electric energy 
consumption, the system presents the following values (Table 12).  

Table 12. Electric energy requirements for the groundwater-to-water heat pump (system 2). 

Mode Energy consumption  
Heating 679.8 kWh 
Cooling 90.2 kWh 
TOTAL 770.0 kWh 

 

3.4 Reservoir water-to-Water heat pump 
The design conditions of the system are as follows (Table 13): 

Table 13. Design condition for the reservoir water-to-water heat pump (system 3). 

Mode    
Heating TII,d 5.0 °C 
 Tevap,d 0.0 °C 
 TIV,d 45.0 °C 
 Tcond,d 50.0 °C 
 COPh,d 3.1  



Cooling TII,d 7.0 °C 
 Tevap,d 2.0 °C 
 TIV,d 28.0 °C 
 Tcond,d 33.0 °C 
 COPc,d 4.6  

The variation of reservoir water temperature is limited with respect to outdoor air, so the fluctuation in COP is 
quite limited in this case, even if COP is not constant as in the case of direct exploitation of groundwater (Figure 
6). Nonetheless, the COP remains high also in the worst conditions for the system, making this technology an 
energy-efficient solution.    

  

Figure 6. Heating (left) and Cooling (right) COP (left axis, continuous) against source temperature (right axis, 
dashed), system 3. 

In terms of electric energy consumption, the system presents the following values (Table 14).  

Table 14. Electric energy requirements for the reservoir water-to-water heat pump (system 3). 

Mode Energy consumption  
Heating 764.4 kWh 
Cooling 107.2 kWh 
TOTAL 871.6 kWh 

3.5 Comparison of the energy requirements 
Resuming the obtained results, it is possible to clearly show a comparison between the energy consumption 
of the systems (Figure 7). 

 

Figure 7. Comparison of electricity consumption for the different systems. 

The GWHP (system 2) is the more energy-efficient system, with a yearly electric energy consumption of 770 
kWh, which represents a saving of 30 % with respect to a traditional AHP (system 1). The SWHP (system 3), 
in turn, offers interesting savings (a reduction of 20 % in energy consumption compared to the traditional heat 
pump). Summing up, if the direct exploitation of groundwater is the most efficient solution in this context, the 
exploitation through the reservoir might be appropriate where the reservoir is already present, e.g. for irrigation 
purposes.  

3.6 Life Cycle Assessment 
The environmental analysis focuses on CO2 emissions: the Climate Change category is shown in Figure 8. 
From the obtained results, it is evident that the largest CO2 emission to the atmosphere is attributable to the 
AHP system equal to 0.21 kg CO2 eq/kWh. The second largest system in terms of CO2 eq emissions is SWHP, 
with 0.16 kg CO2 eq/kWh, while GWHP emits slightly less, with 0.15 kg CO2 eq/kWh.  



 
Figure 8. Comparison of the Climate Change LCA category for the different systems. 

The contributions analysis (Figure 9) of the environmental impact categories shows that, for all three systems, 
the main impact comes from the operation phase, particularly in terms of electricity consumption. The 
construction and commissioning phase has much less impact, except for the categories of HTc, HTnc, and 
Rumm in which the use of metallic materials assume a great significance and covers about 44.4 %, 47.4 % 
and 72.2 % of the impacts, respectively. In the case of GWHP and SWHP, the presence of the piping required 
for water withdrawal assumes additional importance in the environmental impact. Particularly in the case of 
GWHP, where part of the piping is drilled into the ground to well realisation. Also, to be highlighted is the 
contribution that the working fluid assumes for the OD category of about 40 % for all three systems. 

   

 
Figure 9 - Contribution analysis of all impact categories for the different systems. 

Figure 10 shows the comparison of the three systems at the single score level. The single score shows the 
overall performance of the three systems. A similar trend to the Climate Change indicator is obtained. Indeed, 
AHP turns out to be the most impactful system, while GWHP and SWHP are less impacting. A reduction in 
impacts for both the ground source solutions is evident: about 24 % compared to AHP. 



 
Figure 10 - Single score comparison for the different systems. 

4 Conclusions 
In this paper, the benefits of using groundwater as a thermal source for residential heat pumps have been 
discussed. In residential heating and cooling applications heat pumps are widely used, and for the reduction 
of energy consumption, groundwater represents a very favourable source for the external coils (evaporator in 
heating mode, condenser in cooling mode) of heat pumps. Three systems have been compared in the context 
of a specific case study located in Florence (Italy): air-to-water heat pump, groundwater-to-water heat pump 
and reservoir water-to-water heat pump. For the design of the systems, a detailed energy analysis of the 
building has been performed, in order to obtain the heating and cooling loads. Then the three systems, of 
which mathematical models have been presented, have been analysed considering the variation of boundary 
conditions (thermal loads, sources temperatures), that has been taken into account through a dynamic 
simulation of the building. Finally, an analysis with Life Cycle Assessment has been performed to show the 
environmental benefits of the proposed groundwater-based solutions with respect to a traditional heat pump. 
The analysis has demonstrated that the use of groundwater (direct or through the reservoir) greatly increases 
the COP (in particular the direct exploitation) of the devices, which results in consistent energy savings. In 
particular, the dynamic evaluation has shown that: with the groundwater solution it is possible to achieve a 
saving of 30 % with respect to the traditional air-to-water heat pump, while with the reservoir technology, the 
saving is 20 %. So the groundwater heat pump is the most energy efficient. Its utilisation is the best choice in 
terms of energy performance, but in the reality, due to its good results, also the reservoir option could be 
considered. In particular, a surface water heat pump can be used in all the situations in which the reservoir is 
already present and could be expensive to build the underground network, or the reservoir is necessary for 
irrigation needs. LCA analysis confirms, also under the environmental perspective, the advantages of using 
groundwater. As shown by the focus on the Climate Change category and the comparison to the Single Score, 
the most impactful system turns out to be AHP, while very little difference is made between the other two 
systems. GWHP and SWHP allow obtaining a global reduction of impacts of 24 %. The savings achieved with 
the groundwater solution also suggest a further management strategy for the system. Indeed, as this 
technology has a much lower electricity consumption than traditional air-to-water ones, it is much easier to 
integrate it with electricity production from renewable sources such as photovoltaics. In the heaviest situations 
of thermal or cooling demand of the building, since the groundwater heat pump works at higher COP and 
therefore lower energy demand, photovoltaic production would be advantaged. Moreover, the LCA analysis of 
the contributions shows the relevance owned by the electricity that is consumed for every environmental 
impact, encouraging the utilization of photovoltaic sources. It is therefore evident that, with the perspective of 
the realisation of NZEB buildings that may be integrated into energy communities, the adoption of groundwater 
technology, where exploitable, is an absolutely desirable strategy. 

Nomenclature 
Abbreviations  Subscripts  

AC Air Conditioning bs building surfaces (opaque and transparent) 

AHP Air to Water Heat Pump c cooling 

c specific heat [kJ/kg/K] cond condenser 

COP Coefficient Of Performance d design condition 

DT Temperature difference [°C] dev internal appliances, devices,… 

E Energy [kJ] evap evaporator 

F General function of COP h heating  

GHP Ground Heat Pump i indoor 

GSHP Ground Source Heat Pump I,II,III,IV points of devices schematisation 

GWHP Ground Water Heat Pump inf infiltration 

j Specific entalphy [kJ/kg] l  latent heat 

LCA Life Cycle Assessment o outdoor 

M Mass [kg] p person 



LCIA Life Cycle Impact Assessment r solar radiation 

LCI Life Cycle Inventory res water reservoir 

m Mass flow rate [kg/s] s sensible heat 

N Number of air changes per hour [vol/h] v ventilation 

n number of people   

OD Occupancy Density [W/m2]   

PD Power Density [W/m2]   

Q Thermal power [kW]   

q Thermal load/person [kW]   

R Direct normal solar radiation [kW]   

RH Relative Humidity [%]   

S Floor Area [m2]   

SWHP Surface Water Heat Pump   

T Temperature [°C]   

V Volumetric flow rate [m3/s]   

W Electric consumption of heat pump [kW]   

Abbreviations LCA    

Ac Acidification Ir Ionising radiation 

CC Climate change LU Land use 

Ecof Ecotoxicity, freshwater OD Ozone depletion 

Euf Eutrophication, freshwater PM Particulate matter 

Eum Eutrophication, marine POF Photochemical ozone formation 

Eut Eutrophication, terrestrial Ruf Resource use, fossils 

HTc Human toxicity, cancer Rumm Resource use, minerals and metals 

HTnc Human toxicity, non-cancer Wu Water use 
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Abstract: 

Buildings are responsible for a significant portion of the global energy use and carbon emissions. There is 
great potential to reduce a building's environmental impact in the early stages of design. Over the past 
decade, there has been a concerted effort to create energy-efficient and net-zero buildings by reducing 
operating energy. However, additional materials and new applications are needed to reduce energy demand. 
This may result in an increase in embodied carbon, which is the carbon emitted during the materials and 
construction phase. Since there is a trade-off between embodied and operational environmental 
environment, it is important to consider both in the design process. However, there is a lack of research that 
addresses this issue. To help with this challenge, a multi-objective optimization model that combines 
machine learning, building information modelling, and life cycle assessment has been developed. This model 
can help in making design decisions that balance embodied and operational carbon emissions. An actual 
building project has been used to verify the model developed. The findings reveal that early design stage has 
the potential to save 32.5% emissions for mid-rise buildings in hot summer and cold winter climate zone in 
China. Moreover, window-to-wall ratio and number of floors largely affecting the trade-off between embodied 
and operational impacts. The findings of this study can provide low-carbon and energy-efficient design 
solutions for residential buildings in the early stages of design. 

Keywords: 

Embodied carbon; Operational carbon; Optimization; Building design. 

Nomenclature: 

Abbreviations 
LCA - Life cycle assessment SVM - Support vector machine  
BIM - Building information modelling LSSVM - Least squares linear machine  
HVAC - Heating, Ventilation, and Air 

Conditioning 
NSGA-II - Non-dominated genetic algorithm II 

WWR - Window-to-wall ratio TOPSIS - Technique for order preference by 
similarity to an ideal solution 

    
Symbols 
µ - Average R2 - Coefficient of determination 
Z - Standard deviation 𝑎𝑖1 - low bounds of the 𝑖𝑡ℎ  design variable 
�̂�𝑖 - Predicted value by the LSSVM model 𝑎𝑖2 - up bounds of the 𝑖𝑡ℎ  design variable 
�̅�𝑖 - Arithmetic mean of 𝑦𝑖 𝑥𝑖 - Input variable 
n - Number of training examples 𝑥 - Output variable 

𝜕𝑖   - Lagrange multipliers  C - Penalty parameter  

𝑏 - Bias term CO2-eq - Carbon dioxide equivalents 

 

1. Introduction 
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A significant share of the global negative environmental effects (e.g., use of resources and environmental 
consequences of releases) are caused by the building sector. The International Energy Agency stated that in 
2020, the construction industry accounted for 36% of world energy consumption and 37% of carbon dioxide 
emissions [1]. The environmental impacts of a building over its life cycle can be divided into embodied 
environmental impacts and operational environmental impacts. Operational impacts are caused by energy 
usage during building operation, whereas embodied impacts are connected to the raw material extraction, 
construction, end-of-life treatments, recycling, and final disposal [2]. The embodied impacts are significant 
and occasionally equal operational environmental impact levels [3]. It is therefore a pressing need to 
simultaneously minimize embodied and operational environmental impacts for creating environmentally 
preferred buildings. However, there is a reciprocal relationship between the embodied and operational 
environmental impacts. This relationship can be attributed to additional materials and new applications and 
systems are required to reduce the resources consumption and energy demands during building operational 
stages [4]. The extra materials and equipment may lead to a decrease of impacts due to operational energy 
use while increasing embodied environmental impacts. As a result, buildings with energy-efficient measures 
may cause more total environmental impacts [4,5]. Therefore, it is of great importance to focus on the trade-
off between embodied and operational environmental impacts whilst lowering the total environmental 
impacts.  

The environmental impacts of a building over its life cycle are largely influenced by the decisions made 
during the early stages of design [6]. Creating an eco-friendly building design in the early design practice 
presents a significant opportunity to lower the total environmental impact of a building and find the optimal 
trade-off between embodied and operational impacts. However, the early design of a building involves 
making decisions on numerous design variables, such as floor height, floor area, building shape, building 
orientation, window-to-wall ratio (WWR), and number of floors. Accordingly, thousands of design alternatives 
can be generated by varying these design variables. It becomes a significant challenge to determine the 
most appropriate design that reduces the total environmental impact of a building and achieves an optimal 
trade-off between embodied and operational impacts. The complexity of building design constraints and the 
large number of design options make it difficult to find out the optimal design solution. 

Life cycle assessment (LCA) is a powerful tool to quantify the environmental impacts of a building over its 
lifetime [7,8]. On the other hand, building information modelling (BIM) digitally represents the physical and 
functional characteristics of a facility and related information of the building project [9]. BIM model includes 
all the necessary information for the assessment of embodied environmental impacts and the simulation of 
energy demand [10]. BIM applications in the environmental impact assessment of a building enable to 
improve assessment quality [11]. Moreover, the integration between BIM and LCA has been widely accepted 
and proven effective for assessing the embodied environmental impact assessment. However, the 
complexity of assessment process using BIM-LCA integration approaches makes it impractical to identify the 
optimal design solutions that balance embodied and operational impacts. The repetitive procedures and 
processes involved in the combined use of BIM and LCA make it challenging to determine the optimal design 
solutions. 

Multi-objective optimization methods allow for different trade-offs between conflicted objectives and have 
been widely used in the construction industry in a variety of practical topics and contexts. These include, for 
example, designing building facades [12], selecting building shape [13], and choosing building components 
or materials such as type of glazing [14] and window type [15]. Multi-objective optimization methods have 
also been employed to balance the embodied and operational energy in buildings [4]. In the context of 
building design, multi-objective optimization methods addressed with the parametric design issues [16]. 
Additionally, multi-objective optimization methods have been applied to address environmental impact topics 
such as bridge maintenance [17], energy and investment costs management [18], and green building rating 
systems [19]. For a more comprehensive overview of multi-objective optimization methods applied in the 
construction industry, see the review articles by Guo and Zhang [20]. The optimization methods have also 
been used to address other issues such as prefabrication, supply chain, work safety and risk management.  

Above discussion reveals that despite the significance, there has been limited focus on the use of multi-
objective optimization methods to find the optimal design solutions in linking embodied and operational 
environmental impacts in early design practice. To address the research gap, this study aims to develop a 
multi-objective optimization model by using a combination of multi-objective optimization methods and BIM-
LCA integration programs to identify optimal solutions that balance the embodied and operational impacts of 
a building during early design practice. The findings can provide designers with more comprehensive and in-
depth understanding on the potentials to save carbon emissions and the relationships between embodied 
and operational impacts. 

2. Research methodology 
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To fulfil the research aim, this research developed a multi-objective optimization model based on a BIM-LCA 
integration approach and a meta-based multi-objective optimization method. There are three modules in this 
developed model: 1) embodied and operational impacts evaluated by a BIM-LCA integration approach, 2) 
environmental impact prediction based on a machine learning method, and 3) multi-objective optimization of 
embodied and operational impacts. 

2.1. Environmental impact assessment based on integration between BIM and LCA  

The first module involves conducting the environmental impact assessment of a building over its life cycle, 
following a standard process for life cycle assessment outlined in ISO 14040 framework. This process 
consists of four phases: 1) goal and scope definition, 2) life cycle inventory analysis, 3) life cycle assessment 
analysis, and 4) life cycle interpretation [21]. In this study, the environmental impact assessment of a building 
starts with creating a BIM model of the design solutions selected. The goal and scope definition phase 
includes assumption about the system boundary of life cycle assessment and the building’s lifespan. The 
system boundary in this study includes the product stages (A1-A3), the use stages (B2-B6), and the end-of-
life stages (C2-C4), while environmental impacts produced in construction phase (A4) are excluded due to 
their small proportion of the total environmental impacts [6]. During the life cycle inventory analysis and life 
cycle assessment phases, the environmental impacts are assessed. Tally is used to assess the embodied 
impacts by manually matching BIM objects to the building components in Tally. If identical building 
components cannot be found, similar ones would be used. Moreover, Tally is also used to assess the 
operational environmental impacts by importing the amount of energy consumption which is simulated by 
Green Building Studio. Specifically, the physical parameters and thermal properties of the building 
components, derived from Autodesk Revit database of building components and the common practice in 
local building projects, are incorporated into the BIM mode to ensure the accuracy of energy simulation. 
Then, BIM model is transferred into an energy analysis model. Energy analysis parameters are determined 
such as the operational time of a building, the way of Heating, Ventilation, and Air Conditioning (HAVC) 
operation. Then, the energy analysis model is imported into Green Building Studio for energy simulation. 
Green Building Studio is a flexible cloud-based service that uses the DOE2 simulation engine and allows to 
run building performance simulations to optimize energy efficiency in the design process. In addition, the 
climate files of the building are set in the performance simulation process. The simulation results are 
manually input into Tally to assess the operational impacts. In life cycle interpretation phase, the 
environmental impacts of a building over its life cycle are expressed by environmental impact indicators 
based on the TRACI 2.1 characterization method [22]. TRACI 2.1 method covers ten different environmental 
impact indicators by default, such as the global warming potential, non-renewable energy consumption, 
ozone potential and others. For our calculation, this study considers global warming potential (expressed in 
the amount of carbon dioxide equivalents (CO2-eq) to indicate the total environmental impacts of the 
building. 

2.2. Environmental impact prediction by machine learning method 

Support vector machine (SVM) developed by Vapnik and Cortes [23], is a machine learning technique based 
on the statistical learning theory. This technique can solve nonlinear problems very well and is suitable for 
small sample sizes studies [24]. Least squares linear machine (LSSVM) was developed based on SVM by 
using a least squares linear system as a loss function to transform the inequality constraints of the 
optimization problem into equality constraints, thus yielding better performance than an SVM. A training and 
design of an LSSVM model is an iterative algorithm, and it basically involves four steps: (1) define the 
problem as the classification or the regression problem, (2) pre-process the input data, (3) determine the 
model parameters, and (4) validate the model obtained [25]. This study attempts to learn the input-output 
relationship from the training data, where the inputs are n-dimensional vectors, and the outputs are 
continuous values. The details about developing the LSSVM model are presented as follows: 

The raw data was randomly divided into 80% training data and 20% test data. Given that the units, value 
domains, physical meanings of independent variables in raw dataset vary substantially, z-score 
normalisation was performed on raw data to eliminate the influence of different eigenvalue dimensions on 
the prediction accuracy by applying Equation (1) 

𝑥′ =
𝑥−µ

𝑧
                                                                                                                                                        (1) 

Where x denotes the raw data, µ is the average of the sample data, and 𝑧 represents the standard deviation 
of the sample data. The processed data follows the standard normal distribution. The average value and the 
variance of the processed data are 0 and 1 respectively. 

The Gaussian kernel function has excellent anti-interference ability [24]. Therefore, Gaussian kernel function 
Equation (2) was adopted for the prediction model in this study. 

𝑘(𝑥𝑖 , 𝑥) = 𝑒
−

‖𝑥𝑖−𝑥‖2

2𝜎2                                                                                                                                      (2) 
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Where 𝑥𝑖 is the input variable, 𝑥 is the output variable, and 𝜎2 is the variance of the Gaussian kernel. 

Penalty parameter C controls the trade-off between generalization capacity (wide margin width) and the 
empirical error of the prediction model. Large C leads to small number of misclassifications and consequently 
to the smaller margin (good generalization capacity) and vice versa [25]. The selection of penalty parameter 
C and variance 𝜎2  greatly affects the prediction error of the model. Normally, the parameters were 
determined by a trial-and-error process.  

Cross validation is often used to optimize the selected values of model parameters (i.e., C and 𝜎2 in this 
study) in a refined scale. The process is also called tuning, which is generally empirical, with various values 
for the parameters systematically evaluated, and the combination of values that generate the highest overall 
accuracy is assumed to be optimal [26]. K-fold cross-validation method was adopted to search for the 
optimal combination of C and 𝜎2. Specifically, the sample data is divided into K sample subsets, where one 
sample data is selected for testing and the other (K-1) samples are used for training. The cross-validation is 
repeated K times to obtain the optimal parameter values. Accordingly, the LSSVM model can be obtained by 
using the optimal C and sigma for training. 

To the end, the prediction accuracy of the LSSVM model is measured by coefficient of determination (R2) in 
this study, which are defined as Equation (3). The higher the R2, and the less difference between two sets of 
data. 

𝑅2 = 1 −
∑ (𝑦𝑖−�̂�𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−�̅�𝑖)2𝑛
𝑖=1

                                                                                                                                 (3) 

Where 𝑦𝑖  is the assessment value of 𝑖𝑡ℎ  training example by BIM-LCA integration approaches, �̂�𝑖  is the 
predicted value by the LSSVM model, �̅�𝑖  is the arithmetic mean of 𝑦𝑖 , and n is the number of training 
examples passed to LSSVM model. 

2.3. Multi-objective optimization based on NSGA-II algorithm 

The third module is the multi-objective optimization that deals with the optimization problem related to the 
environmental impacts of a building.  

For this study, the LSSVM-trained model is adopted as the objective functions in the multi-objective 
optimization process. The relationships between design variables and embodied and operational 
environmental impacts of buildings are presented as Equation (4): 

𝑙𝑠𝑠𝑣𝑚(𝑥1, 𝑥2, … , 𝑥𝑛) = ∑ (𝜕𝑖 − 𝜕𝑖
∗)𝑛

𝑖=1 𝑒
−

‖𝑥𝑖−𝑥‖2

2𝜎2 + 𝑏                                                                                   (4) 

Where 𝑥1, 𝑥2, … , 𝑥𝑛  are the design variables. 𝜕𝑖  and 𝜕𝑖
∗
 are Lagrange multipliers, 𝑏 is the bias term, 𝑥𝑖 is the 

input variable, and 𝑥 is the output variable (i.e., embodied or operational impacts in this study). 

Then, the objectives in each design stage are expressed as follows: 

{
min 𝑓𝑒𝑚𝑏𝑜𝑑𝑖𝑒𝑑( 𝑙𝑠𝑠𝑣𝑚(𝑥1, 𝑥2, … , 𝑥𝑛))

min 𝑓𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 ( 𝑙𝑠𝑠𝑣𝑚(𝑥1, 𝑥2, … , 𝑥𝑛))
                                                                                                    (5) 

Where 𝑥1, 𝑥2, … , 𝑥𝑛  are the design variables in early design stage, 𝑓𝑒𝑚𝑏𝑜𝑑𝑖𝑒𝑑(𝑙𝑠𝑠𝑣𝑚(𝑥1, 𝑥2, … , 𝑥𝑛))  is the 
embodied environmental impacts of a building, and 𝑓𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 (𝑙𝑠𝑠𝑣𝑚(𝑥1, 𝑥2, … , 𝑥𝑛))  is the operational 

environmental impacts of a building in early design stage.  

Constraints on the objective functions are used to ensure the generated solutions reasonable and feasible. 
The value ranges of design variables according to the design codes, standards and rules were set as the 
constraints of the objective functions. The constraints on the design variables can be expressed in 
inequation (6): 

𝑎𝑖1 ≤ 𝑥𝑖 ≤ 𝑎𝑖2                                                                                                                                         (6) 

Where 𝑥𝑖 denotes the 𝑖𝑡ℎ design variables in each design stage, while 𝑎𝑖1 and 𝑎𝑖2 are the low and up bounds, 

respectively of the 𝑖𝑡ℎ  design variable. 

The non-dominated genetic algorithm II (NSGA-II), developed by Deb [27] was adopted to solve the multi-
objective optimization problems in this study. The NSGA-II genetic algorithm can be coupled easily with a 
backbox model and can handle a set of solutions simultaneously allowing to obtain several pareto frontiers in 
a single run. The optimization model was used to select the optimum building alternatives with minimum 
embodied and operational environmental impacts. After obtaining the pareto optimal solution set, the 
technique for order preference by similarity to an ideal solution (TOPSIS), a multi-criteria decision-making 
approach was employed to the determine the optimal trade-off point. The TOPSIS method figures out the 
positive-ideal option in which the maximum gain from each of the objectives is taken and the negative-ideal 
option in which the maximum loss from each of the objectives is taken. Towards the end, the option that is 
closest to the positive-ideal solution and farthest away from the negative-ideal solution is selected by the 
TOPSIS method.  
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3. Case study 
The proposed model was verified by using a mid-rise residential building (refer to a residential building 
between 4 and 8 floors). The purpose of the case study is to identify the optimal design solutions that 
balance the trade-off between embodied and operational impacts at early design stage. The case selected 
for this study was adapted from an actual residential apartment built in Chongqing, China. This project is 
located in a hot summer and cold winter climate zone, which was built in accordance with the Design Code 
for Residential Buildings [28]. The long sides of the building are facing north and south. The project is an 8-
story, reinforced concrete frame building, and the floor height is 2.8m. The construction methods and 
building elements from the second floor to the seventh floor are the same. Each floor of the building has a 
single family which owns four bedrooms, a kitchen, a living room, a storeroom, a balcony and two 
bathrooms. The building has a total above-basement floor area of 1297.12 m2 with a life expectancy of 50 
years. The building project is a typical example of an apartment building in Chongqing, China representing 
common building materials and construction techniques for walls, floors, and other building components. 
Figure 1shows the sketches and 3D model of the building. 

 

Figure. 1.  Sketches and 3D model of the building in early design stage. 

There are four design variables affecting the environmental impacts of a building in early design practice 
[29]. The design variables include: (1) floor height, (2) building orientation, (3) window-to-wall ratio (WWR) 
and (4) number of floors in early design stage. The variables can be continuous or discrete, and the values 
or value ranges are determined by national building design and construction standards, regulations and 
codes [30,31]. The values of the design variables in early design stages are shown in Table 1. 

Table 1.  Characteristics of design variables for the building in early design stage. 

Design variables Value/value domain Variable types Number of options 

Floor height [2.4m, 2.8m]  Continuous 0.1m uniform step (5 options) 

Building orientation [15°, 75°] Continuous 10° uniform step (7 options) 

Window-to-wall ratio [0.1, 0.5] Continuous 0.05 uniform step (9 options) 

Number of floors 4, 5, 6, 7, 8  Discrete  5 options 

4 Results and Discussion  
Having examined the design variables and values, possible design alternatives in each design stage are 
generated by varying design variables. Orthogonal experiment was then conducted to obtain the design 
samples. In this study, there are 4 design variables and 9 levels in early design stage. Accordingly, 65 
design samples were obtained. In referring to the life-cycle environmental impact assessment, BIM models of 
the design samples were created in Revit. They were then imported into Green Building Studio and Tally for 
the life-cycle carbon emissions through the BIM-LCA integration approach. The building operating schedule, 
HVAC system, and outdoor air information are out of the scope of this research, and therefore the building 
service system is assumed to satisfy the ideal conditions for heating and cooling. As a result, the amount of 
embodied and operational impacts, expressed by kg CO2eq/m2 for design samples are presented in Figure 
2. 
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Figure. 2.  Environmental impacts of early design alternatives. 

As shown in Figure 2, the operational environmental impacts account for a large portion of the life-cycle 
environmental impacts (over 90% in each design stage). Having obtained the environmental impact 
assessment results of design samples at each design stage, the MATLAB has been used to train and 
develop the LSSVM model for predicting the embodied and operational impacts of a building over its design 
process. 80% of the sample cases (52 cases for early design stage) were used to train the LSSVM model. 
All inputs and outputs were normalized according to Equation (1). The training results for embodied and 
operational impact assessment of three design stages are shown in the left of Figure 3. The goodness-of-
fit 𝑅2 is 0.97997 for embodied impact assessment and 0.90934 for operational impact in early design stage. 
They were found very close to 1 for the output studied, thus demonstrating a very good correlation between 
outputs and target values. 

Subsequently, the developed LSSVM model was validated with 13 cases, the rest 20% sample cases. The 
results of the LSSVM prediction on the testing set are basically consist with the assessment result, as shown 
in the right of Figure 3. The goodness-of-fit 𝑅2 is 0.9068 and 0.91751 for embodied and operational impact 
prediction in early design stages, which shows a high prediction accuracy. Therefore, the relationship 
between design variables and environmental impact established by LSSVM model enables to be used as the 
objective function of the multi-objective optimization.    
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Figure. 3.  Environmental impact prediction model. 

The combination of LSSVM models and NSGA-II was conducted in Matlab environment to explore the 
optimal design solution in each design stage. The initial population was set as 100 due for 200 generations 
based on recommendation. A high mutation rate and a large population size were chosen to avoid getting 
stuck in local optima. The progress of the objectives was always supervised during the optimization, and if 
no major improvement could be observed, the algorithm was stopped.  

The optimal design solutions are elaborated according to the following optimization cases: (1) Single-
objective optimizations for total life-cycle environmental impacts; and (2) A multi-objective optimization 
considering the operational and the embodied environmental impacts with equal weights. The optimal design 
solutions are illustrated in Figure 4 and Table 2. 
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Figure. 4.  Pareto optimal front in early design stages. 

Table 2.  Optimization design solutions. 

  
Floor 

height(m) 

Orientation 

(°)  
WWR 

Number 

of floors 

Embodied 

impacts 

Operational 

impacts 

Total 

impacts 

Original design 2.8 0° 0.25 8 335.38 23070.34 23405.72 

Design solution with 

minimum total 

environmental impacts 

2.8 15° 0.1 4 402.6102 15403 15805.61 

Design solution with 

trade-off between 

embodied and 

operational impacts 

2.8 15° 0.4 8 322.9659 18831 19153.97 

 
The Pareto frontier in early design stage is illustrated in Figure 4. It indicates that there is a trade-off between 
embodied and operational environmental impacts in early design stage. As embodied impacts (denoted as 
y1 in Figure 4) increase, the operational impacts (denoted as y2 in Figure 4) decrease. In referring to the 
single objective optimization for total life-cycle environmental impacts, the minimum total impact (15805.61 
kg CO2eq/m2) is obtained in the design option where there are 4 number of floors with floor height of 2.8 m, 
the WWR is 0.1, and the orientation of building is 15° south to west, as shown in Table 2. The total CO2eq 
generated by the optimal design equals to 67.5% of that from the original building design. In other words, it is 
possible to reduce 32.5% of the environmental impacts for the original design by varying the design 
parameters in early design practice. The difference between the optimal design solution and the original one 
lies in the building orientation (15° vs. 0°), WWR (0.1 vs. 0.25) and number of floors (4 vs. 8).  

In referring to the trade-off between embodied and operational impacts, the TOPSIS analysis results reveal 
that the trade-off design solution is the case (number of floors: 8, floor height: 2.8m, orientation: 15° south to 
west, and WWR: 0.1). The total environmental impact is 19153.97 kg CO2eq/m2, which consists of an 
embodied impact of 322.97 kg CO2eq/m2 and an operational impact of 18831 kg CO2eq/m2. The operational 
impact of trade-off design increases by 8.8% while the embodied impact decreases by 25.8%, compared 
with the original design. Since the trade-off solution intends to simultaneously minimize the embodied and 
operational impacts of the original design, its total environmental impacts are larger than “the minimum total 
impacts” (15805.61 kg CO2eq/m2). Interestingly, the difference between the “trade-off solution” and the 
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“solution with minimum total impacts” only lies in the design values of “WWR” and “number of floors” (The 
floor height and orientation of the building keep constant). This indicates that WWR and number of floors 
seem to have a strong influence on the trade-off between embodied and operational impacts of a building. 

5 Conclusion 
This research developed a multi-objective optimization model based on the combined use of BIM-LCA 
integration approaches, machine learning method and NSGA-II algorithm to find out the balance between 
embodied and operational impacts of a building in its early design practice. The man conclusion based on 
the case study are as follows: 1) early design stage has the potential to save 32.5% emissions for mid-rise 
buildings in hot summer and cold winter climate zone in China. 2) window-to-wall ratio and number of floors 
largely affecting the trade-off between embodied and operational impacts. Further research needs to 
investigate other design stages throughout the entire design process. Moreover, future research can also 
explore other building types in different climate zones. 
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Abstract: 

The demand for low-carbon technologies such as photovoltaic panels, wind turbines or batteries is 
increasing rapidly due to the energy transition, triggering the demand for metals needed to achieve the 
sustainable goals. Therefore, it is important to assess the energy consumption and carbon footprint of mining 
and metal production, as the environmental impact of future energy infrastructures will depend on them. This 
paper evaluates the energy cost and carbon footprint of one MW of PV panels considering a cradle-to-gate 
approach from a life-cycle perspective. The focus is on the metals since these are the largest contributors to 
energy costs (80%), distinguishing between the different stages of production: mining, metal production and 
the energy cost of the chemicals, and indicating the four most used fuels: coal, diesel, natural gas and 
electricity. To evaluate the total energy cost and carbon footprint, three different material intensity scenarios 
are proposed, considering a decrease over time: 2018, 2030 and 2050, and two electricity emissions 
scenarios: one mainly based on fossil fuels, and another based on renewable electricity. The energy return 
on investment (EROI) increases from 8.4 to 15.9 and carbon emissions decrease from 40 to 22 gCO2/kWh, 
considering the material intensity of 2018 and 2050, respectively. If electricity from renewable sources is 
used, carbon emissions can be halved, reaching 11 gCO2eq/kWh with the 2050 material intensity. Therefore, 
material intensity must be reduced and energy-intensive processes decarbonized to minimize the impacts of 
future renewable infrastructures. 

Keywords: 

Energy Cost; Carbon Footprint; Energy Transition; Life cycle assessment; Metal production; Photovoltaic 
panels. 

1. Introduction 
Technologies that enable the harnessing of renewable energy contain various metals that facilitate specific 
functionalities [1]. For instance, one MW of wind energy requires 113 to 132 tons of steel, 1 to 5 tons of 
copper, 0.5 to 1.6 tons of aluminum and up to 200 kg of REE; while, to manufacture one MW of photovoltaic 
(PV) panels 60 to 67 tons of steel, 4 to 5 tons of copper, 6 to 8 tons of aluminum and up to 20 kg of Ag are 
needed. This significant material intensity and the increasing demand for these technologies are triggering 
the demand for metals in the coming years [2]. Thus, in the case of wind energy, annual material demand is 
expected to increase by a factor from 2 to 15 in 2050 compared to 2018 values. In the specific case of some 
metals, such as rare earths elements (REE), the global demand could increase 8-9 times in 2030 and 11-14 
times in 2050 compared to 2018 values. The case of solar PV technologies is similar. The most optimistic 
scenarios indicate a 3 to 8-fold increase in demand for materials by 2050. However, demand for specific 
metals such as silver or silicon could increase by 4 and 12, respectively [3]. 

On the other hand, mining and metal production are one of the most energy-intensive industries worldwide. It 
consumes about 38% of global industrial energy use, 15% of the global electricity use, and 11% of global 
energy use. This consumption is still based on fossil fuels since it comprises about 19% of global coal and 
coal products, 5% of global gas, and 2% of global oil supplied [4]. In addition, the energy required in mining 
is expected to increase in the future due to lower ore grade, finer grain and increasing ore complexity of 
newly discovered deposits [5,6]. Moreover, the trend of this growth is exponential. For example, a decrease 
in copper ore of 0.2% to 0.4% requires 7 times more energy [7]. Due to these facts, the energy demand in 
mining operations could grow 36% by 2035 [4]. 

Thus, it is observed that manufacturing the infrastructure to achieve the energy transition requires a large 
amount of metals, which in turn require fossil energy consumption and can generate significant carbon 
emissions. Other authors have studied this problem from different approaches. One of the most common 
approaches is through the Energy Return on Investment (EROI). In these studies, EROI at the final energy 
stage is used to calculate how much of the total energy is required by the energy system to extract, process, 
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convert and deliver a unit of energy [8–10]. Another approach focuses on life cycle analysis (LCA). It is 
based on the accounting of the energy required and emissions generated to manufacture and commission 
an energy system. Generally, this analysis has only been used to estimate the impacts of current 
technologies in specific case studies [11,12]. One of the advantages of this methodology is that it permits to 
identify the processes from which the energy consumption or emissions originate [11]. Generally, most 
energy and emissions are consumed or emitted during the metal extraction and processing [3]. In addition, 
this methodology also allows the assessment of possible future scenarios with a dynamic approach, 
although few studies focus on it [13]. Thus, it is possible to establish different variable assumptions such as 
the material intensity, the energy consumed in the processes or the carbon intensity of the energy system. 

In this study we use the life-cycle approach focusing on the energy cost and carbon footprint of the metals 
needed to manufacture PV panels. The methodology is based on accounting for the resources required for 
the extraction and production of Ag, Si, Al, Cu, Sn, Fe, and some of their alloys used in steel, such as Cr, 
Mn, Nb and Ni. The scope covers cradle to gate, i.e., from extraction of raw materials to their use as finished 
products, in this case, one MW of PV-Silicon panels. In addition, the energy cost is classified by the main 
energy sources used in mining and metal production: natural gas, diesel, coal, and electricity. Here it also 
includes the energy and emissions due to the chemicals needed for manufacture. The disaggregation of the 
processes is sufficient to differentiate the two main stages of metal production: mining and metal production. 
Thus, it is possible to determine which processes are most critical for decarbonization. Following this idea, 
two carbon emission scenarios are proposed, depending on electricity's carbon intensity: One based mainly 
on fossil fuels and the other on renewable energies. The energy used to manufacture PV panels and the 
energy cost of other materials, such as cement or glass, are also considered. Besides the carbon emission 
scenarios, three material intensity scenarios are also proposed. Thus, it is possible to study the link between 
material intensity - energy - carbon emissions, applied to one of the fastest growing technologies, the 
photovoltaic panels. 

 

2. Data and methodology 
Figure 1 shows the main processes and intermediate products required to obtain silver from lead and zinc 
mines. This Figure is an example to explain the methodology used to calculate the energy cost of metals and 
the allocation method since there are several different products, such as Pb, Zn or Ag. 

As can be observed, each process (M&C and MP in Figure 2) has inputs (materials, energy and chemicals) 
and outputs (materials for the next process or the final metal). M&C refers to those processes belonging to 
the mining and concentrating step and MP to those belonging to the metal production step. The cradle-to-
gate approach is used; thus, the analysis begins with mining and ends with the product ready for its use in 
another industry. The reference product is one kg of silver. If there were no co-products, it would be sufficient 
to sum all the energy (natural gas, diesel, coal and electricity) and chemical resources (also measured in 
energy cost units) to calculate the energy cost of one kg of the reference product. This is the case for the 
other metals in this study. But in the silver production more metals are produced simultaneously, which 
makes it necessary to allocate the silver its corresponding share through an allocation method. 

The allocation method depends on the criteria of the authors. Most studies use allocation methods based on 
the economic benefit provided by the metals. However, its disadvantage is the strong fluctuation of the 
metal’s price in the market [14]. Therefore, this study uses a physical allocation method based on the 
elements' geological scarcity, which has been successfully used in other studies [15–17]. The main 
advantage of this method is that the energy or environmental cost of metals is allocated through physical 
criteria, reflecting their value according to their scarcity in the earth's crust. 

The allocation factor is calculated through equation 1, where 𝑀𝑖 is the extracted mass of metal i, measured in 

kg-metal, and 𝐶𝐶𝑖 is the concentration of metal i in the earth's crust, measured in kg-metal/kg-crust. 

𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑖 (%) =
𝐶𝐶𝑖

−1·𝑀𝑖

∑ (𝐶𝐶𝑖
−1·𝑀𝑖)𝑛

𝑖=1

   (1) 

Table 1 lists the parameters used to calculate the allocation factors, which in the case of silver is 12%. Once 
the allocation of each individual metal es calculated, the allocation of each process can be derived. Thus, the 
34% of footprint of the mining and concentration stage is allocated to Pb and Ag, and then the 35.8% of the 
footprint of the lead production is allocated to Ag, as shown Figure 1. 

 



 

Figure 1. Block flow diagram of silver production from Pb-Zn mines. 

Table 1. Mining production, crustal concentration and allocation factors of Pb-Zn mines.  

Metal (𝑖) Mining (𝑀𝑖) (𝑘𝑔𝑖) Crustal concentration (𝐶𝐶𝑖) (
𝑘𝑔𝑖

𝑘𝑔𝑐𝑟𝑢𝑠𝑡
) Allocation factor 

Ag 1 5.0E-08 12% 
Pb 717 2.0E-05 22% 
Zn 4333 7.1E-05 37% 
In 0.08 5.0E-08 1% 
Cd 4.6 9.8E-08 28% 

 

As previously discussed, the remaining metals in this study do not require allocation since there are not co-
products. The same applies to the calculation of the energy cost of chemicals. The process data inventories 
were taken from the Ecoinvent database version 3.9.1 [18], except for the Silicon processes, which are from 
the reference [19].  

Once the energy cost is known, separated by fuel type, it is possible to estimate the carbon footprint through 
equation 2. Where, 𝐶𝐹𝑖 is the carbon footprint of metal i, measured in kg CO2 eq; 𝐸𝐶𝑗 the energy cost of fuel j 

and 𝐸𝐹𝑗 is the emission factor of such fuel. 

𝐶𝐹𝑖  = ∑ (𝐸𝐶𝑗 · 𝐸𝐹𝑗)𝑛
𝑗=1  (2) 

Table 2 shows the data on the emission factors 𝐸𝐹𝑗  used. Two scenarios were established to study the 

impact on the carbon footprint of a decrease in electricity generation emissions. One scenario is based on 
fossil fuels; its emission factor is 0.488 kgCO2eq/kWh. The other is based on renewable sources, and its 
emission factor is reduced to 0.021 kgCO2eq/kWh. 

 

Table 2. Emission factors for High Emission Scenario (HES) and Low Emission Scenario (LES) 

  Emission factor HES Emission factor LES Source 

Natural gas kgCO2eq/MJ 0.057 0.057 [20] 
Diesel kg CO2eq/MJ 0.075 0.075 [20] 
Coal kg CO2eq/MJ 0.1 0.1 [20] 
Electricity kg CO2eq/kWh 0.488 0.021  [21,22] 

 

The same procedure was used to calculate the energy cost of 1 MW of PV solar panels. Thus, a cumulative 
sum of all the energy sources needed to manufacture and install is made. In this case, the inventory data 
were obtained from Ecoinvent database version 3.9.1 [18] and Méndez et al. [12]. In addition, the material 



intensity, i.e., the amount of materials that constitute the solar panels, is fundamental to determining their 
energy cost and, consequently, their carbon footprint. Thus, three material intensity scenarios (Table 3) have 
been established based on the following study [3], where a decrease in material intensity is estimated for PV 
panels in 2030 and 2050 compared to 2018. Hence, two electricity emission scenarios and three material 
intensity scenarios are assessed. 

Table 3. Material Intensity of the three scenarios assessed per MW of PV panel 

kg/MW PV Concrete Plastic Glass Steel Sn Al Cu Si Ag 

2018 60700 8600 46400 67900 139 7500 4600 4000 20 
2030 58400 8300 44700 65300 139 7200 4500 2750 6 
2050 48600 6900 37100 54300 139 6000 3700 1000 1 

 

To compare the results with the literature, two parameters of the solar panels are calculated: Energy Return 
of Investment (EROI) and carbon intensity, through equations 3 and 4, respectively.  

𝐸𝑅𝑂𝐼 =
𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑑 𝑒𝑛𝑒𝑟𝑔𝑦

𝐸𝑛𝑒𝑟𝑔𝑦 𝑐𝑜𝑠𝑡
=

1𝑀𝑊·𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛·𝑙𝑖𝑓𝑒

𝐸𝑛𝑒𝑟𝑔𝑦 𝑐𝑜𝑠𝑡 1𝑀𝑊 𝑃𝑉
 (3) 

The EROI represents the amount of energy units obtained from an energy system for each unit of energy 
invested on it, so it has no units. In this case, 1 MW of PV was taken as a reference. Thus, equation 3 shows 
in the numerator the amount of energy that 1 MW of PV will supply, assuming an operation of 1000 hours 
per year (𝑡𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛) for 25 years (𝑙𝑖𝑓𝑒). On the other hand, the denominator shows the energy cost required 

to manufacture and install 1 MW of PV. 

𝐶𝑎𝑟𝑏𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 =
𝐶𝑎𝑟𝑏𝑜𝑛 𝑓𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡

𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑑 𝑒𝑛𝑒𝑟𝑔𝑦
=

𝐶𝑎𝑟𝑏𝑜𝑛 𝑓𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 1𝑀𝑊 𝑃𝑉

1𝑀𝑊·ℎ·𝑙𝑖𝑓𝑒
 (4) 

Equation 4 shows the calculation of the carbon intensity, which represents the CO2 emissions produced by 
each energy unit. The numerator shows the entire carbon footprint of 1 MW PV measured in g of CO2. At the 
same time, the denominator represents all the energy generated by one MW PV (measured in kWh), 
assuming 1000 hours per year and 25 years of life. 

3. Results and discussion 
The results of the energy cost and carbon footprint of metals used in a PV panel are presented, discussing 
their decarbonization possibilities. The specific case of 1 MW of photovoltaic panels is then analyzed.  

3.1. Energy cost of metals 

Figure 2 shows the energy cost of metals used in photovoltaic panels. The results are ordered from highest 
to lowest value in MJ/kg. Thus, the most energy-consuming is silver (11,000 MJ/kg), followed by Si (1,400 
MJ/kg), Al (75 MJ/kg), Sn (64 MJ/kg), Steel (32 MJ/kg), Cu (23 MJ/kg). In addition, the energy cost is 
disaggregated into the four most common fuels (natural gas, diesel, coal and electricity), the most important 
steps (mining and concentration (M&C), and metal production (MP)) and the energy cost of chemicals used 
these processes.  

 

Figure 2. Energy cost of metals used in PV panels. 

The mining and concentration step comprises all the processes from the rock extraction until the ore 
concentrate is obtained. As shown in Figure 2, this step's contribution is considerably lower than the metal 
production since it is always less than 20%. The exception is the case of Sn, where the M&C contribution is 
about 70% may be because the underestimation of the amount of chemicals used in this case, which is only 
0.25%. On the other hand, for Si, Al and steel (mainly Fe) the contribution is very low (less than 1%) since 
these elements are very abundant in the earth's crust and therefore, their main energy cost is their metal 
production. These results are consistent with the literature since, as stated in Norgate et al. [5]: “Mineral 



processing & concentration, usually have much less impact than metal extraction and refining in terms of 
energy”.  

However, in the future, the energy cost of the mining and concentration step is expected to increase due to 
two factors: (1) a decrease in ore grade, (2) finer grain of many newly discovered deposits. First, this 
increase is because additional energy is needed to extract the waste material in low-grade ores [6,23]. 
Secondly, finer grains require grinding to finer sizes resulting in higher energy consumption [5]. 
Nevertheless, in some cases, technological improvement may play an important role. For instance, despite 
the decrease in niobium ore concentration between 2017 and 2019 in Brazil, total energy consumption per 
kg FeNb was lower in 2019 [24]. However, the exponential trend of energy consumption with decreasing ore 
grade suggests that increasing energy consumption will prevail despite technological improvements [7]. 
Thus, for example, a decrease in copper ore grade between 0.2% to 0.4% requires seven times more energy 
[4].  

On the other hand, the energy consumption increase in the mining step need not increase the energy 
consumption of the metal processing steps since a fixed-grade concentrate is produced in concentrating 
stage regardless of the initial ore grade [5]. Thus, metal production processes start from the ore concentrate 
until the elements are produced in their metallic form. This is usually the step with the highest energy 
consumption, as can be appreciated in Figure 2, and as evidenced the literature [25,26].  

In order to verify that the energy cost data are comparable with the literature, Table 4 has been constructed. 
The "This study" column shows the energy cost results obtained, the "mean" column contains the mean of all 
the samples from the literature (References column) and the "min", "max" and "SD" columns represent the 
minimum, maximum and standard deviation, respectively. It is possible to observe that all the metals studied 
are found between the minimum and maximum (Al, Cu, Fe) or in values close to the minimum (Si, FeCr, 
FeMn, FeNb) except for Ag and Sn. Instead of comparing the footprint of steel, its more important metallic 
components (iron and some alloys such as FeCr, FeMn or FeNb) have been compare with literature. 

The difference with the Sn results could be due to the underestimation of the energy consumed by the 
chemicals, as previously explained. This would also reduce the percentage of energy used in mining and 
concentrating. The reason behind the differences lies in the use of different data inventories. However, in the 
case of Sn there is only one reference for comparison, so it is not easy to draw accurate conclusions with 
this comparison. 

The case of Ag is different since is a by-product of Pb-Zn, Cu or Au mining. Therefore, allocating the share of 
costs corresponding to silver in the common processes is necessary, as explained in section 2 data and 
methodology. Thus, in this case, in addition to using different data inventories, a different allocation system 
has also been employed. The studies in the literature use an economic allocation, but in this study, we have 
used the physical allocation described in section 2 data and methodology. This adds more uncertainty in 
comparing the results. Thus, the higher energy cost of silver in this study may also be because this metal 
has a lower price relative to its concentration in the earth's crust when compared to its co-produced metals 
(such as Pb or Zn). However, the impact of this fact on the energy cost of PV panels is low, given the 
reduced silver content compared to other metals. 

 

Table 4. Comparison of the energy cost of metals with literature 

MJ/kg This study Mean Min Max SD Samples References 

Ag 11,246 1,745 210 3,280 2,171 2 [25,27] 
Si 1,396 5,242 1,490 9,350 3,039 5 [28,29] 
Al 74 169 23 263 66 16 [4,6,25,27,30–34] 

Sn 64 321 321 321 -- 1 [25] 
Cu 23 59 18 168 41 18 [4,6,25,31,35,36] 

Steel 32 -- -- -- -- -- -- 

Fe 24 19 7 30 7 8 [25,31,34] 

FeCr 31 62 40 83 30 2 [25,27] 

FeMn 20 29 24 34 7 2 [25,31] 

FeNb 75 127 82 172 63 2 [25,37] 

 

3.2. Carbon footprint of metals 

To estimate the carbon footprint of metals, it is essential to know which type of fuel is used, since each of 
them has different emissions per unit of energy. For this reason, the fuel types in Figure 2 are discussed 
below. Firstly, the mining and concentration step and secondly the metal production step, pointing out the 
difficulties of decarbonization. 

3.2.1. Fuels used in Mining and Concentration 



In the mining and concentration step, the predominant fuels are diesel and electricity since other fuels never 
exceed 10%. Diesel is primarily used in heavy mining machinery, such as drilling rigs, trucks, etc. For 
example, according to Sanjuan-Delmás et al. [36], 99% of the fossil fuels used in a copper mine were diesel 
in the trucks. Regarding electricity, its main use in mining and concentration step is comminution, a high-
energy consumption stage. For instance, comminution uses an average of 15% of the total energy demand 
of iron production [4]. Another important electricity use is HVAC systems in underground mines [38]. 

Decarbonization of diesel use is a major challenge. However, some studies [36,39] propose using electric or 
fuel cell vehicles, but only a few mines currently operate such vehicles, and on a very small scale [40]. On 
the other hand, decarbonizing electricity is more accessible because renewable energies generate it directly. 
However, there are two main challenges to decarbonizing electricity from mining operations. The first 
challenge is integrating renewable energy in remote off-grid mining operations, which usually use fossil fuels 
for electric generation. However, the number of renewable projects has been increasing. In 2015 there were 
600 MW, but by the end of 2019 about 5 GW were projected. But this renewable capacity is still a fraction of 
the total energy demanded by mining operations, showing a slow-paced development [4]. The second 
challenge is increasing renewables' share in the grid for connected mining operations.  

3.2.2. Fuels used in Metal Processing 

As mentioned in the previous section, the metal processing step usually has the highest energy cost. 
Therefore, its decarbonization would have a greater impact on reducing the carbon footprint. As shown in 
Figure 2, the most common fossil fuels are natural gas and coal since provide at least 70% of the fossil 
energy in all the metals. They are used as a source of heat and reducing agents. The use of coal in steel 
production is noteworthy, as 73% of the total energy comes from this fuel, since its use is inherent to the 
steel-making process [31]. 

On the other hand, electricity is mainly used in electrolysis or electrorefining processes. The use of electricity 
is particularly important in copper and aluminum since contributes to 42% of the total energy cost of copper 
and 70% in aluminum case. In copper, it is due to its electrorefining stage and in aluminum to the electrolysis 
process. 

Bioreducers and hydrogen are the most promising substitutes for natural gas and hydrogen [26], although 
with some problems, for example, the sustainable production of bioreductants (such as charcoal) on a global 
scale, the costs of transporting them or other problems due to their physical characteristics [4]. On the other 
hand, the use of hydrogen as a reductant is much better in terms of an environmental impact than biomass 
when it is produced using renewable electricity [41]. However, its generation is still expensive [4], and new 
infrastructure designed for its use needs to be developed due to its different properties than other fossil fuels 
[42]. Again, electricity is the most accessible source to decarbonize since metal production plants are usually 
connected to the grid, not being in remote locations. 

3.2.3. Chemical consumption 

Chemicals and other auxiliary materials considerably contribute to the energy cost of the processes. This 
share is significant in the case of Si, Ag and Cu, with a contribution of 48%, 20% and 16%, respectively. In 
the case of Si, this is mainly because silicon for solar panels must have very high purity, for which a large 
amount of chemicals is consumed. In the case of Ag and Cu, chemicals are mainly used in electrolysis 
processes. 

In this case, decarbonization depends not on the mining industry but on the chemical industry that provides 
the products necessary to manufacture metals. 

3.2.4. Carbon footprint scenarios  

Due to the limitations of substituting fossil fuels (either diesel from mining trucks or coal and natural gas as 
heat sources and reducing agents in metal processing), this study proposes only the decarbonization of 
electricity as a first approach to decarbonization. For this purpose, two scenarios are considered: one with 
high emissions (HES) and the other with low emissions (LES), based on renewable energies. The carbon 
footprint results are shown in Table 5. The "HES" (high emissions scenario) column shows the results of the 
scenario in which the electricity has higher emissions; the "LES" (low emissions scenario) column shows the 
results of the scenario with lower emissions; and the "Diff" column shows the percentage difference between 
the two scenarios. In addition, a comparison is made with other sources in the literature: the "mean" column 
shows the mean of all samples; in the "min" column, the minimum; in "max" the maximum; in SD "Standard 
Deviation", in "simple" the number of samples and finally in “references”, the sources used. 

As in Table 4, Table 5 shows that all metals have a carbon footprint in the range of the literature when 
compared to the "HES" scenario, except for Ag and Sn. The reasons for these exceptions are the same as 
those explained in section 3.1 above. As seen in Table 5, significant reductions can be achieved just by 
using renewable energies in electricity generation. The smallest reduction (29%) corresponds to steel due to 
the large contribution of coal in its energy cost. In addition, the use of coal is inherent in the manufacturing 
process. However, the footprint of the remaining metals can be reduced from 50% (for Si) to 78.8% (for Cu). 



This can have significant implications in the energy transition since using renewable energies in mining 
reduces the carbon footprint of metals that will later be used in the renewable energy infrastructure, following 
a feedback process. The following section uses the example of solar panels to expose this idea.  

 
Table 5. Comparison of the carbon footprint in the HES and LES scenarios of metals with literature. 

Metal HES LES Diff Mean Min Max SD Samples References 

Ag 1333 422 68.4% 283 34 815 301 10 [15,25,43,44] 
Si 119 59 50.0% 461 114 775 238 5 [28,29] 
Al 8.9 2.2 74.8% 16 5.9 41 9 21 [4,25,30–35,44,45] 
Sn 6.8 2.3 65.6% 17 17 17 -- 1 [25] 
Cu 2.8 0.6 78.8% 5.1 1.1 64.9 9 46 [4,15,25,31,34–36,46] 
Steel 3.3 2.3 29.2% -- -- -- -- -- -- 

Fe 2.4 1.9 22.3% 3.9 1.2 23.3 7 11 [25,31,34,47] 

FeCr 3.5 1.8 48.8% 2.4 2.4 2.4 -- 1 [25] 

FeMn 2.3 1.1 52.7% 5.2 1.0 9.6 3 10 [25,31,35,43,45] 

FeNb 8.8 3.1 64.8% 8.4 5.1 12.5 4 3 [24,25,37] 

 

3.3. Energy cost and carbon footprint of PV Power 

Figure 3 shows the Sankey diagram of the energy cost embedded in one MW of solar panels, which 
amounts to about 10.7 TJ. The diagram allows the analysis by the different stages of the production 
processes and by the types of fuels. For the first, three phases can be identified: 

▪ Manufacturing and installation: This phase includes all the energy consumption related to the 
manufacture and installation of a solar panel, but not the energy embedded in the components needed. 
The energy cost is about 846 GJ, contributing to 7.9% of the total cost. 

▪ Other materials: Besides metals, materials such as concrete or solar glass contribute to energy costs. In 
this case, they account for 1295 GJ, i.e., 12 % of the total.  

▪ Metals: Metals contribute the most to the energy cost, with 8,623 GJ and 80% of the total. Silicon and 
steel alone account for 52% and 20% of the total footprint, respectively. Furthermore, the cost of the 
metals has been divided according to their production steps. As mentioned above, the metal production 
step is the most important, with 52% of the total cost, followed by the cost due to chemicals, contributing 
27%. Finally, the cost of mining is very low, only 0.8%, although, as mentioned in section 3.1, it is 
expected to grow exponentially in the coming years due to the decrease in ore grades. 

 

 

Figure 3. Sankey diagram of energy cost distribution of 1 MW of PV Panels. 

 

Regarding the types of fuels: 



▪ Natural gas is the most consumed fuel (43% of energy), mainly due to the energy cost of chemicals and 
crystalline silicon production. Another important consumer is manufacturing other materials, such as 
concrete or solar glass.  

▪ Electricity holds the second highest share (35%). It is used primarily in the solar panel manufacturing 
process itself, as well as in the production of the metals such as silicon.  

▪ Coal accounts for 19% of the energy cost. Its main use was in steel production, the second largest 
contributor to the total footprint after silicon.  

▪ Finally, diesel consumption is residual, as it contributes only 2% of the energy cost and is mainly used in 
mining and concentrating the metals. 

 

Table 6. Material intensity (kg/MW), Energy cost (GJ), Carbon footprint (kg CO2 (HES & LES), EROI 
and Carbon Intensity (C.I.) of 1 MW of PV panels according to the contribution of metals or other 

materials. 

  Other materials Si Steel Al Ag Cu Sn EROI C.I g/kWh 

Case 1 
2018 

kg/MW 115700 4000 67900 7500 20 4600 139 - - 
GJ 1,295 5,585 2,141 557 225 105 9 8.4 - 
kg CO2 (HES) 86309 474478 223850 66950 26653 12971 949 - 40.0 
kg CO2 (LES) 77716 237382 158381 16855 8434 2748 326 - 20.4 

Case 2 
2030 

kg/MW 111400 2750 65300 7200 6 4500 139 - - 
GJ 1,267 3,840 2,059 535 67 103 9 10.3 - 
kg CO2 (HES) 84317 326204 215278 64272 7996 12689 949 - 32.8 
kg CO2 (LES) 75940 163200 152316 16181 2530 2688 326 - 16.9 

Case 3 
2050 

kg/MW 92600 1000 54300 6000 1 3700 139 - - 
GJ 1,141 1,396 1,712 446 11 84 9 15.9 - 
kg CO2 (HES) 75324 118620 179014 53560 1333 10433 949 - 21.9 
kg CO2 (LES) 67917 59346 126658 13484 422 2210 326 - 11.2 

 

As was done for metals, two scenarios are established, one conventional, with high emissions due to 
electricity generation, and the other with low emissions. Additionally, three other scenarios are established 
depending on the demand for materials for photovoltaic generation: one for 2018 and others for 2030 and 
2050, based on literature forecasts [3]. The results are shown in Table 6 and the 2018 scenario is the same 
represented in the Sankey diagram of Figure 3. In addition, the EROI (see section 2 data and methodology) 
and the carbon intensity (gCO2/kWh) have been estimated depending on each case. Thus, Table 6 shows 
the effect of decreasing material intensity in the EROI, which increases from 8.4 in the 2018 scenario to 15.9 
with the most optimistic forecasts for the year 2050. The opposite happens with carbon intensity, decreasing 
from 40 gCO2/kWh to 22 gCO2/kWh. These results are obtained only with the reduction of the material 
intensity. If low-carbon electricity were additionally used, the carbon intensity of solar panels could be halved. 
That is, from 40 gCO2/kWh in 2018 scenario, it could decrease to 20 gCO2/kWh and in 2050 scenario from 
22 gCO2/kWh to 11 gCO2/kWh. This emission reduction is limited because electricity contributes 35% of 
energy costs and is the only energy source that reduces emissions according to our assumptions. Therefore, 
to achieve complete decarbonization, replacing natural gas and coal in metal production processes with 
other fuels, such as hydrogen, is necessary. However, this would imply the use of more materials, as new 
infrastructure would need to be developed. Thus, the total energy costs could increase, although it would 
reduce the carbon footprint. Furthermore, complete substitution should not only occur in the metal industry, 
but also in the chemical industry, since a large part of natural gas consumption comes from it (Figure 3). This 
is an example of the strong interconnection between industries and shows that decarbonization of one 
industry cannot be achieved without decarbonizing others. For instance, manufacturing solar panels with a 
lower carbon footprint would require reducing the footprint of metal mining, but also reducing the footprint of 
the chemical industry that supplies it with essential materials for its production. 

The results obtained are comparable to those in the literature. EROI only includes the extraction and 
operation of the energy source, so it is defined as standard [8]. According to Raugei et al. [48], the standard 
EROI of photovoltaics is between 6 and 12, with numbers on the range from 8 to 10 obtained in this study for 
the 2018 and 2030 scenarios. Regarding carbon intensity, the 2018 scenario (20 to 40 gCO2eq/kWh) is 
comparable to those obtained 25-40 gCO2eq/kWh by the reference [49]. 

However, this study has some limitations. First is the quality and detail of the data inventory used. Although 
results comparable with the literature have been obtained for most of the metals and the solar panels, this 
has not been the case for some metals such as Sn. In addition, when using the physical allocation, silver has 
a much higher cost than reported in the literature. However, these deviations have not influenced calculating 
the PV energy cost much due to the low material intensity of Sn and Ag. Another problem lies in the global 



view of this study since the electrical energy mixes vary greatly depending on the regions. However, this 
study has simplified it by taking two carbon intensity scenarios. In addition, the cost of transportation has not 
been considered due to the global view. Therefore, in future studies, the estimated origin of the metals 
should be considered since the energy cost and carbon footprint also depend on it.  

Finally, it is important to remark that this study has been limited to studying solar panels. Still, other 
technologies, such as wind turbines, are required to achieve complete electrification and decarbonization. In 
addition, studying batteries and electrolyzers (for hydrogen production) is indispensable for continuous 
electricity supply and for substituting fossil fuels. However, their consideration will decrease the EROI and 
increase the carbon intensity of the system because, despite consuming a large amount of metals and 
materials, these technologies do not provide any extra energy.  

 

4. Conclusions 
This study estimates silicon solar panels' energy cost and carbon footprint from a life cycle perspective 
cradle-to-gate. It focuses on the required metals, i.e., Fe, Al, Si, Cu, Ag and Ag, which contribute 80% of the 
total energy cost together. Si and Fe have the highest contribution with 52% and 20%, respectively, while Al, 
Ag, Cu and Sn have only 5%, 2%, 1% and 0.1%, respectively. The great impact of Si is not due to its mass 
contribution (only 2%), but to its high energy cost, which amounts to 1,400 MJ/kg. In contrast, Fe contributes 
32% of the mass, but its energy cost is much lower, 32 MJ/kg. The remaining 20% of the cost corresponds to 
energy consumption due to the manufacture of other materials, such as concrete or glass, and to the 
manufacture and installation of the photovoltaic panels. At current material intensity, 10.8 TJ is required to 
produce and install 1 MW, which results in an EROI of 8.4. However, the material intensity of the future PV 
panels is expected to be lower, which could reduce the energy cost to 8.7 TJ by 2030 and 5.6 TJ by 2050, 
driving a direct increase in EROI, reaching 10.3 and 15.9, respectively. Nevertheless, it does not consider 
the effect of the decrease in ore grade, which could lead to an increase in energy consumption in the mining 
process, and therefore to a decrease in EROI.  

On the other hand, the type of fuel and the stage at which it is used is also important, as it indicates the 
current carbon footprint and the potential ease of decarbonization in the future. Thus, the most consumed 
fuel is natural gas, accounting for 43% of energy, followed by electricity (35%), coal (19%) and finally diesel 
(only 2%). Diesel is mainly used in mining, which is the phase that contributes least to the energy costs. Coal 
has an important share due to steel production. Natural gas owes its contribution mainly to the refining of 
silicon and the chemical production. And the electricity consumption is the most distributed among all the 
processes. In addition, two scenarios of electricity system emissions have been established, one with high 
and the other with low emissions. Under the last scenario, the carbon footprint is reduced by half in all cases 
of material intensity. 

Thus, two variables affect the EROI and the carbon intensity of solar panels: the material intensity and the 
emissions associated with the types of fuel. Material intensity influences both EROI and carbon intensity. If 
material intensity decreases, EROI increases and carbon intensity decreases. On the other hand, fuel-
related emissions only affect carbon intensity. If the former decreases, the latter also decreases. With the 
best material intensity and using renewable electricity the carbon intensity is 11gCO2eq/kWh, thus to achieve 
an even lower impact it would be necessary to decarbonize all fuels, either through the electrification of 
processes or the use of alternative fuels such as green hydrogen. In conclusion, future variations in the 
material intensity and the fuels used in the production of metals, chemicals and other materials will 
determine the sustainability of future energy sources. 

 

Nomenclature 

Ag  Silver 

Al   Aluminium 

CO2eq Carbon Dioxide equivalent emissions 

Cu   Copper 

EROI  Energy Return on Investment 

Fe   Iron 

FeCr  Ferro Chromium 

FeMn   Ferro Manganese 

FeNb  Ferro Niobium 

HES   High emissions scenario 



LES  Low emissions scenario 

M&C   Mining and concentration stage 

MP  Metal production stage 

Pb   Lead 

PV  Photovoltaic 

REE   Rare Earth Elements 

Si   Silicon 

Sn   Tin 

Zn  Zinc 
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Abstract: 

The sustainability of the electric power generation system worldwide is undoubtedly one of the main challenges 
of our era. This will be achieved through the massive incorporation of renewable energy sources, but also 
using highly efficient non-renewable sources. These latest technologies are still necessary today to guarantee 
the supply of electricity. To optimize its operation in a sustainable way, it is required to minimize both the 
consumption of primary energy and the water necessary for cooling. In this work, the Hygroscopic Cycle 
Technology is presented as an alternative to traditional thermal cycles and that allowing to minimize the use 
of water in refrigeration processes. Thus, assuming the incorporation of this technology to existing thermal 
power plants in the Canary Islands, cooling water savings were calculated. In this way, the total savings 
achieved in this subtropical climate amounted to 1.6 Mm3 annually. A very high value that reinforces the interest 
of this technological improvement in the thermal processes of thermoelectric plants avoiding the consumption 
of water. 

Keywords: 

Hygroscopic Cycle Technology; Energy; Savings in Water Consumption; Sustainability; Thermodynamic 
Cycles. 

 

1. Introduction 
The interest in the use of renewable energies as sources of electricity generation has been strongly increased 
in recent years. The policies against climate change [1,2] agreed by the main producing and consuming 
countries of energy, as well as the increase in the price of these raw materials have been decisive. However, 
electricity production with these "clean" sources has not yet succeeded in displacing traditional energy 
production using fossil fuels such as coal or gas. Furthermore, in developing countries the use of these 
traditional energy sources has increased significantly in recent years. According to the Global Electricity 
Review 2022 [3], the world supply of energy through "clean" sources reached 38%, but nevertheless, there 
was an unprecedented growth in the level of polluting emissions linked to electricity generation and the energy 
production with coal. Therefore, the need to improve the efficiency of processes and reduce the environmental 
impact of power generation with non-renewable sources is paramount. In this direction, the investigations 
presented in this article are directed and that present an improvement of the thermal cycles used in 
thermoelectric plants fed with hydrocarbons or coal. The Rankine cycle (RC) used in these plants operates 
with steam, and despite being a mature technology, due to its wide and extensive use in various industrial 
processes over time, it still has an improvement rate in its performance. Because of its widespread use, the 
improvement in efficiency derived from RC constitutes an important global impact in the improvement of energy 
production processes and in the reduction of related polluting emissions, and also, in the economic viability or 
increased financial profitability of power plants that use it [4]. In Figure 1 [5], an RC used in thermoelectric 
installations is represented. 
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Figure. 1.  Diagram of the Rankine Cycle in a thermoelectric power plant. 

In this line of cycle improvement [6,7], recent research has focused on reducing irreversibilities and their 
associated losses, proposing improvements in supercritical, regenerative, superheated, and binary steam 
cycles. In addition to trying to maintain the quality of the steam above 90% at the outlet of the steam turbine 
and avoid the entry of steam into the process pumps. Other lines of research have worked on improving 
efficiency, substituting the pure water used in the cycle with other fluids entering the turbine. Thus, the Organic 
Rankine Cycle (ORC) appeared [8], which shares its configuration with the traditional RC but is designed to 
generate work with low-energy heat, with temperatures between 80 and 400 ºC. The ORC [9] uses so-called 
pure organic fluids, which can be different types of refrigerants and organic compounds. The use of "dry" fluids 
avoids the need to overheat the steam [10], as is done in the Rankine Cycle Technology (RCT), making the 
working temperatures and evaporation pressures much lower and increasing the efficiency of the cycle. 

Zeotropic mixtures or fluids with different boiling points have also been used in the ORC, but to a lesser extent. 
The investigations [11,12] carried out comparing the efficiency obtained in the cycle with the use of zeotropic 
mixtures or dry fluids, have concluded that the use of the former only presents improvements in the efficiency 
of the process when the operating circumstances are very specific, for example, when the Cooling of water is 
done at fixed temperatures. However, its use may be interesting based on the growing concern for the 
environment. An interesting case of zeotropic mixtures is the one formed by ammonia and water and used in 
the so-called Kalina cycle (KC). This KC presents greater freedom in terms of the composition of the mixture, 
but its configuration is more complex. However, it is an important alternative [13] to pure ORC due to the use 
of low heat sources and achieves higher efficiency values due in part to its lower level of irreversibilities. On 
the other hand [14-18], it also presents limiting factors such as the optimization of the process, the working 
fluid and the heat sources. 

Other cycles [19] that take advantage of the energy from low-medium heat sources are the Goswami cycles 
(GC), which use binary mixtures. In addition [20], they incorporate mixtures of ammonia and water as a fluid, 
combined with a RC and an absorption cycle (AC). Other investigations [21] carried out with different zootropic 
mixtures and working conditions of the RC, have achieved improvements of up to 15% in the performance of 
the ORC. 

Additionally [22], it should be borne in mind the fact that environmental conditions significantly influence the 
viability of the different types of thermodynamic cycle. From this point of view, the situations of scarcity of water 
used both in the power generation and cooling processes of the last stages of the cycle, together with high 
ambient temperatures, can make the application of thermodynamic cycles impossible. This situation of rising 
temperatures and water scarcity is being aggravated by the current situation caused by climate change. 
Therefore [23], power generation must be carried out with the least possible use of water, since worldwide 
electricity generation consumes 10% of the available water, mainly in its cooling stage. 

Thus, the so-called Hygroscopic Cycle Technology (HCT) [7,24] arises as an improvement to the traditional 
thermoelectric generation cycles, improving the thermal efficiency of the cycle, reducing the consumption of 
cooling water and enabling the implementation of thermal cycles in areas that, due to their high ambient 
temperatures would make electricity generation very difficult or impossible. In Figure 2 [5], the HCT, which is 
based on a RC but incorporating improvements in the refrigeration zone to use absorption physicochemical 
processes, is represented. 
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Figure. 2.  Diagram of the Hygroscopic Cycle Technology in a thermoelectric power plant. 
 
The HCT [25] uses hygroscopic compounds as part of the working fluids to optimize steam condensation at 
the turbine outlet through absorption processes. The hygroscopic substances [26] used must meet a series of 
characteristics to be used in the HCT. They must be non-flammable, have a lower vapor pressure than pure 
water and therefore less volatile than water, attract surrounding water vapor, and be easily separable to 
facilitate subsequent vapor desorption (reversible retention). In addition, these substances must be non-toxic 
and chemically stable under the working conditions of the HCT. The mixtures proposed by [27] consisted of 
LiBr-H2O as a suitable working fluid for the HCT. This hygroscopic and soluble salt in all stages of the HCT 
allowed to achieve the best results in the cycle. LiBr [28] increased its solubility considerably with increasing 
solution temperature. Additionally [26], the separation of the vapor and the hygroscopic compound did not 
require the use of special desorption technology or additional heat sources. The HCT [29] has already been 
successfully used in real installations with generated powers between 12.5 MW and 50 MW. 

The direct steam condensation process is achieved in the HCT inside the absorber where the pure steam 
exhaust stream from the turbine (state 2 in Figure 1) is mixed with a solution of hygroscopic compounds in 
water (state 3 in Figure 1). The improvements [7,30] achieved by this direct condensation are the following: 

▪ Due to the lower condensing pressure necessary at each cooling temperature, the electrical power at the 
turbine outlet is increased with reference to RC and therefore the general electrical performance of the 
cycle. 

▪ For a given condensing pressure, the condensing temperature and therefore the cooling temperature are 
increased. In this way [31], a thermal dissipation of the condensation energy is possible only with air and 
therefore without the need for the use of water. By not using traditional water-cooling processes in cooling 
towers, the use of water is avoided and savings are made in cooling tower maintenance. 

▪ At the same time, since the use of cooling water is not necessary, it allows the generation of energy with 
thermoelectric processes in areas with little water availability. 

▪ Less demand for electrical energy [32] by the cooling system, made up of dry-coolers, since the increase 
in condensation temperature requires less dissipated thermal energy. 

With all these features, the HCT allows improving the traditional RC and increasing electrical efficiency by 
approximately 2.5%, saving up to 50% in the consumption of demineralized water and additives, reducing 
investment costs by 5% and 25 % the costs of Operation and Maintenance (O&M) and increase the availability 
of the technology and its useful life [6]. These characteristics and improvements achieved with HCT technology 
are of special interest in areas with subtropical climates and possible water scarcity, as is the case in certain 
areas of the Canary Islands. It must be taken into account that in the Canary Islands the aquifers have been 
over-exploited, which is why the water table has dropped. As a result [33-36], numerous springs have dried 
up, wells and galleries have had to be deepened, and the danger of desertification has increased. 

Currently [37], the Canary Islands are highly dependent on fossil fuels. According to data from the energy 
yearbook of the Canary Islands for the year 2021, renewable energies only represent 19.5% of electricity 
production. The energy is obtained in hundreds of units distributed in gas-fired power plants, diesel engines or 
steam turbines. Figure 3 shows the dispersion of plants along the islands.  
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Figure 3. Thermoelectrical power plants and installed capacity in the Canary Islands. 
 
Additionally, a detailed list of these Canarian thermoelectric plants ordered by island with their group type, 
cooling system, number of units and their power capacity can be found in Table 1. 

Table 1. The Canarian thermoelectric plants. 

Island Power Plant Group 
Type Cooling System Units 

Power Capacity 
(MW) 

El Hierro Llanos Blancos Diesel Close cycle desalinated water 10 14.91 
Fuerteventura Las Salinas Diesel Open cycle seawater 9 107.92 

Las Salinas Gas Adiabatic cooling 3 79.1 
Gran Canaria Jinámar Diesel Open cycle seawater 5 84 

Jinámar Gas Adiabatic cooling 3 98.45 
Barranco Tirajana Gas Adiabatic cooling 6 376 
Jinámar Steam Open cycle seawater 2 120 
Barranco Tirajana Steam Open cycle seawater 4 320.73 

La Gomera El Palmar Diesel Open cycle seawater 6 13.38 
El Palmar Diesel Adiabatic cooling 3 7.79 

La Palma Los Guinchos Diesel Open cycle seawater 10 82.84 
Los Guinchos Gas Adiabatic cooling 1 22.5 

Lanzarote Punta Grande Diesel Open cycle seawater 11 199.76 
Punta Grande Gas Adiabatic cooling 2 62.5 

Tenerife  Candelaria Diesel Open cycle seawater 3 36 
Granadilla Diesel Open cycle seawater 2 48 
Candelaria Gas Adiabatic cooling 3 92.2 
Granadilla Gas Adiabatic cooling 6 382.9 
Arona Gas Adiabatic cooling 2 50 
Isora Gas Adiabatic cooling 1 44 
Candelaria Steam Open cycle seawater 2 80 
Granadilla Steam Open cycle seawater 4 313.4 

 
For all these reasons, in the present investigation the implementation of HCT in the existing thermoelectric 
plants and in operation in the different Canary Islands is simulated in order to obtain the potential of water 
savings for each installation. The application of the HCT is assessed according to the characteristics of each 
thermal power plant and the specific hydrological needs of the different island areas. All of this would translate 
into significant environmental savings and would allow the consideration of the use of HCT in areas where the 
viability of traditional thermoelectric cycles is not feasible or not convenient due to water scarcity. 
 



2. Methodology 
The methodology used to calculate the savings obtained with the application of the HCT in the Canary Islands 
thermoelectric plants consisted of: 

1º.The refrigeration system data [38] and the power of the different units were obtained from the environmental 
declaration of each power generation plant and from the State Registry of Emissions and Polluting Sources 
[39]. It was also necessary to know the equivalent operating hours. These hours were calculated from the 
annual production data for each type of plant and island, which are included in the 2021 Canary Islands energy 
yearbook [37]. These data are shown in Table 2. 

Table 2. Equivalent hours and annual production of the Canary thermoelectric plants. 

Island Power Plant Group 
Type 

Power Capacity  
(MW) 

Annual production 
(MWh) 

Equivalent hours 
(h) 

El Hierro Llanos Blancos Diesel 14.91 26 133 1 752.7 
Fuerteventura Las Salinas Diesel 107.92 477 165 4 421.5 

Las Salinas Gas 79.1 31.563 399 
Gran Canaria Jinámar Diesel 84 199 206 2 371.5 

Jinámar Gas 
474.45 1 814 728 3 824.9 

Barranco Tirajana Gas 
Jinámar Steam 

440.73 647 519 1 469.2 
Barranco Tirajana Steam 

La Gomera El Palmar Diesel 
21.17 71 022 3 354.8 

El Palmar Diesel 
La Palma Los Guinchos Diesel 82.84 238 590 2 880.1 

Los Guinchos Gas 22.5 499 22.2 
Lanzarote Punta Grande Diesel 199.76 632 746 3 167.5 

Punta Grande Gas 62.5 12 581 201.3 
Tenerife Candelaria Diesel 

84 177 029 2 107.5 
Granadilla Diesel 
Candelaria Gas 

569.1 1 905 502 3 348.3 
Granadilla Gas 
Arona Gas 
Isora Gas 
Candelaria Steam 

393.4 595 497 1 513.7 Granadilla Steam 
 
2º. In order to obtain the performance of power plants, research developed by [40-43] were considered. In this 
way, the performances were 34% for the groups with steam, 38% for the groups with gas and 45% for the 
groups with diesel.  

3º. The heat that would have to be dissipated by the cooling system of each plant was obtained by applying 
equations (1) and (2). 

                                                                                  �̇�𝑄𝐶𝐶 = �̇�𝑊
𝜂𝜂

                                                                           (1) 

                                                                             �̇�𝑄𝐹𝐹 = �̇�𝑄𝐶𝐶 − �̇�𝑊                                                                       (2) 
Being: 
�̇�𝑄𝐶𝐶: thermal power supplied to the cycle of the plant. 
�̇�𝑄𝐹𝐹: heat rejected by thermal cycle of the plant. 
�̇�𝑊: plant power capacity (Table 2). 
𝜂𝜂: power plant performance. Obtained in previous point 2º. 



4º. The necessary water flow for the cooling process was calculated using the following equations and technical 
data: 
                                                                      �̇�𝑄𝐹𝐹  = �̇�𝑚 · (ℎ𝑜𝑜𝑜𝑜𝑜𝑜 − ℎ𝑖𝑖𝑖𝑖)                                                                   (3) 
                                                                            Tout = Tin + ΔT (4) 
Being: 
ℎ𝑜𝑜𝑜𝑜𝑜𝑜: cooling water outlet enthalpy. 
ℎ𝑖𝑖𝑖𝑖: cooling water inlet enthalpy. 
�̇�𝑚: cooling water mass flow. 
Tin: cooling water inlet temperature. 
Tout: cooling water outlet temperature. 
ΔT: Temperature difference of the cooling water between the inlet and outlet of the adiabatic cooling 
equipment. A value of 14 ºC has been taken according to the common industrial values [6]. 

4º According to [45-46], for processes with open cycle the average consumption of water in thermal power 
plants such as existing in the Canary Islands (Gas, Diesel or Steam group type) is 0.38 m3/MWh. 
 
3. Results and conclusions 
In this way, the current annual water needs or cooling water consumption (m3/year) per MWh of each 
thermoelectric plant in the Canary Islands were obtained and represented in Table 3. For processes with 
adiabatic coolers, it has been considered that the water consumption was 0.1 percent of the water used in the 
cooling system [47].  

Table 3. Annual water consumption for the cooling system in thermoelectric plants from the Canary Islands. 

Island Power Plant 

Water Consumption 
for the Cooling 
System 
(m3/h) 

Equivalent 
hours 
(h/year) 

Annual Water 
Consumption for the 
Cooling System 
(m3/year) 

El Hierro Llanos Blancos 5.67 1 752.7 9 930.45 

Fuerteventura 
Las Salinas 41 4 421.5 181 323.95 
Las Salinas 7.94 399 3 167.78 

Gran Canaria 

Jinámar 31.92 2 371.5 75 698.28 
Jinámar 

47.62 3 824.9 182 144.81 
Barranco Tirajana 
Jinámar 45.60 

1 469.2 246 057.80 
Barranco Tirajana 121.88 

La Gomera 
El Palmar 5.08 

3 354.8  
19 022.10 El Palmar 0.59 

La Palma 
Los Guinchos 31.48 2 880.1 90 663.24 
Los Guinchos 2.26 22.2 50.14 

Lanzarote 
Punta Grande 75.91 3 167.5 240 441.12 
Punta Grande 6.27 201.3 1 262.79 

Tenerife 

Candelaria 13.68 
2 107.5 127 883.10 

Granadilla 18.24 
Candelaria 

57.12 3 348.3 191 257.83 
Granadilla 
Arona 
Isora 
Candelaria 30.4 

1 513.7 226 286.04 Granadilla 119.1 



Therefore, the minimum potential for savings in water consumption by refrigeration systems would be 1.6 Mm3 
per year. It means that the average minimum water consumption is 0.23 m3/MWh in thermoelectric plants of 
the Canary Islands. 

All this use of water can be avoided by using the HCT. In this way, the environmental problems associated 
with the consumption of water for industrial processes or returning water at high temperatures to ecosystems 
that can be seriously affected, as occurs in open refrigeration systems, would be avoided. 

Currently, the total energy generation of the thermoelectric plants of the Canary Islands is 6 829 780 MWh/year. 
The efficiency is increased by 2.35% when HCT is used instead of traditional Rankine cycle [6]. Therefore, the 
increment of the total energy generation would be of 160 499.80 MWh/year. In addition to the increase in the 
efficiency, the application of HCT technology would reduce the costs associated with the maintenance of the 
cooling systems existing in the current thermoelectric plants in the Canary Islands. On the other hand, the 
reduction of installation costs would also have been achieved in the new built systems. This economic 
improvement would reduce the price of energy associated with its generation. Definitely, in the current 
economic context of high electricity prices it would be very interesting from both a social and a business point 
of view. 

As future work, it is proposed to analyse the economic cost of the incorporation of the HCT in the different 
plants of the Canary Islands as well as the necessary time to recover the investment. 
 
Nomenclature 

�̇�𝑄𝐶𝐶 heat supplied to the thermal cycle of the plant, kW 
�̇�𝑄𝐹𝐹  heat rejected by thermal cycle of the plant, kW 
�̇�𝑊  plant power capacity, kW 
ℎ𝑜𝑜𝑜𝑜𝑜𝑜  cooling water outlet enthalpy, kJ/kg 
ℎ𝑖𝑖𝑖𝑖  cooling water inlet enthalpy, kJ/kg 
�̇�𝑚  cooling water mass flow, kg/s 
Tin  cooling water inlet temperature, ºC 
Tout  cooling water outlet temperature, ºC 
ΔT  temperature difference of the cooling water in the dry-cooler, ºC 
Greek symbols 
𝜂𝜂  power plant performance.  
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Abstract: 
The search for new electronic appliances, the urgent need for renewable energy technologies and on 
the multiple uses in the society have produced a high demand for metals. The copper claim has 
increased significantly in the last centuries. Chile is the world´s largest copper producer. However, the 
higher production of copper has been accompanied by a considerable decay of ore grades in the Chilean 
copper mines. That is why it is required to appropriately assess the loss of mineral (LMW) wealth. 
Methodologies to determine the LMW based on the second law of thermodynamics and the  Exergy, 
have provided valuable information on the scarcity of minerals. The methodology proposed in this paper 
is based on the simulation of mineral processes for the concentration of copper using HSC from an 
average mineral composition of the leading in some mines in Chile. One approach to estimating LMW 
has been utilising the exergy replacement cost (ERC). Although this procedure has been effective in 
establishing an ultimate scenario of mineral depletion, named Thanatia, it needs to correlate 
appropriately with the current market conditions to develop a framework for a fairer scheme for the prices 
of metals. In this paper is proposed a new approach to estimate LMW for the case of copper. 

Keywords:  
exergy replacement cost (ERC), metal demand, copper, mineral depletion, Exergia 

1. Introduction 
The transition towards a more sustainable society requires more clean energy technologies, therefore, 
more minerals and metals are needed. A report of the International Energy Agency [1], it was highlighted 
the importance of such minerals. Some of them, are categorized as critical for some clean energy 
technologies. In this report, it is pointed out that the rise of demand for copper and rare earths to more 
than 40% in the next two decades.  
Authors such as Mudd [2]–[6], Craig et. al [7] and Norgate [8] have mentioned the issue of the decline 
of ore grade in mines over time. In a research [9], the peak production of copper is estimated from 2031 
to 2042. A study by Calvo et al. [9] investigated the reduction of ore grades in 25 mines in Chile, 
Australia, and Peru. The production of these mines accounted for 32% of the total copper production at 
that time. In addition to this, it was also observed a 25% reduction in average of the ore grade from 2003 
to 2013. The decrease in the concentration of copper in mines produced an increase in 46% in energy 
consumption. On one side, more metals are required, but on the other rich metal deposits have been 
already extracted. Therefore, the supply of cooper for the next generations is compromised to actions 
that must be taken for sustainable production in present generations. 
In 2020, China had 33,2% of the global share of copper production, and Chile 20,5%. This country had 
a robust worldwide industry of copper with an essential impact in its economy. In 2020, the share of the 
copper industry in Chile accounted for 11,2% of its Gross Domestic Product (GDP) [10].  
In Chile, the decline of ore grade has been also notorious (Figure 1). The average ore grade in the 
copper mines was about 1.4% in 1999, which decreased to about 0,6% in 2018. 
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Figure 1. Decline of the average ore-grade of copper mines in Chile.(Calculated based on:[11], [12] ) 

The need for more metals will also produce more extraction of minerals in countries, for example, Chile, 
where the rich deposits have been already extracted as shown in Figure 1. This will also cause a rapid 
loss of mineral depletion. It is important to know that mineral endowment was defined by Harris and 
Agterberg [13] as the amount of metals in a given region. This accumulation of minerals, traded later as 
commodities, means abundance for a country. Because of the growing need for minerals, they are 
extensively extracted, producing a loss of mineral wealth (LMW). The LMW represents a quantitative 
indicator of mineral depletion in that country [6] [37] [38].  
As can be seen, it is crucial to have an approach to estimate the LMW. In a publication [17], in this paper 
is used the exergy replacement cost (ERC) concept to estimate the loss of mineral extraction in 22 
countries in Latin America. In this investigation, it was used values of ERC previously reported in [18]. 
The concept of ERC and its methodological approach will be reviewed in the next section. Nevertheless, 
this value of ERC for copper will provide a certain sense of the importance of mineral depletion; it fails 
to give some hints towards a fairer price of minerals. 
This paper will provide a new approach based on simulation with HSC Chemistry 9 and HSC Sim 
software [19] to estimate a new value of ERC for copper as a valuable indicator to evaluate mineral 
depletion more appropriately.  
1.1 The concept of the exergy replacement cost  
The traditional way to value minerals has been through the market price. However, prices fluctuate and 
are unstable because they depend on many factors [19]. Therefore, prices are not sufficient to give an 
appropriate value to minerals. The mass has been another approach to valuing minerals. Nevertheless, 
they do not consider the geological scarcity or the difficulty of the production process. An alternative 
method is using the concept of the exergy replacement cost, which stands for ERC. This concept has 
its basis on Exergy. For fossil fuels, when they are burned the liberation of energy is accompanied with 
their higher heating value (HHV) [20], [21].On the other hand, non-fuel minerals are not combustible the 
HHV is no longer valid. The use of exergy for non-fuel minerals has two perspectives; a traditional way 
to treat them has been using their chemical exergy. On this perspective,  Szargut has published 
chemical exergy of different elements [22]. These values have been used by Ayres [23], Dewulf et al. 
[24]  and  Szargut et al. [15], [25], [26] to evaluate mineral resources. However, this perspective is not 
valid to allocate the fair value of minerals. A study [28] clearly pointed out the fact by showing that the 
chemical exergy of precious metal gold is 60 kJ/mol is considerably lower than aluminium 796 kJ/mol. 
Exergo- ecology, a discipline postulated by Valero [27], can give a more appropriate scheme to value 
minerals. Physical Geonomics, one Exergoecology´s division, deals with the application of exergy to 
assess non-fuel minerals. The exergy of minerals has two components: one is related to chemical 
composition (chemical exergy) and the other is associated with the relative concentration in the Earth´s 
crust (concentration exergy). The latter makes minerals more valuable than the former. Nature provides 
a “free bonus” or in economic terms a “hidden cost” just for having minerals concentrated in mines and 
not dispersed throughout the Earth´s crust. This “free bonus” significantly reduces the costs associated 
with mining processes. When higher-ore grade mines become depleted, a reduction in this free bonus 
occurs, leading to an extensive exergy consumption to extract a similar quantity of metal. The bonus 
provided by nature can be measured through the ERC. 
ERC is postulated as the energy that would be required to extract and concentrate a mineral from a 
completely dispersed state at a crustal concentration (xc) to the conditions of concentration and 
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composition found in the mine (xm) by using available technology. Thanatia represents a state of total 
mineral dispersion into the Earth´s crust. Thanatia´s composition is made up of 324 species, 292  
minerals and 32 diadochic elements included in the crystal structure of other elements [28], [29].  
The exergy required to concentrate minerals from a concentration found in Thanatia (xc) to the average 
concentration (xm) for different minerals can be found in [18]. This research, will be focused to the ERC 
for copper. To estimate the ERC for copper, Valero et. al assumed the concentration of copper in the 
Earth´s crust xc = 6.64x10-5 g/g [30] which corresponds to 0.006 wt-%. Also,   an average ore grade 
assumed xm = 1.67x10-2 (0.5 wt-%)  [31]. The ERC for copper reported in [18] was 292 GJ/t-Cu. They 
considered that 60% of the total energy was  for the mining and concentration [32]. 
1.2 The need of a new approach 
The ERC of different minerals were calculated by Valero et al. [32] by observing the behaviour of the 
decrease of ore grade and increase in energy consumption for some metals, such as cobalt, copper, 
gold, nickel, and uranium. Valero et al. proposed a function that portrayed the relationship between the 
energy consumption as a function of the ore grade, Equation (1).  

 𝐸() = 𝐴 . 𝑋
ି.ହ  (1) 

Where 𝐸() is the energy for the concentration and extraction of minerals at the ore grade (xm), and 
the coefficient A is determined for each mineral. 
In [33] the LMW was estimated for a series of mineral produced in 22 countries in Latin America by 
using conventional ERC. A remarkable result of this investigation was market prices do not compensate 
the LMW in the region. As forthcoming, it was established the need to have a scheme to estimate fairer 
prices for minerals. 
The methodology proposed to estimate ERC is limited to the experience of observing historical data of 
some metals. In this approach, as reported in [34] geological principles prevailed over metallurgical 
considerations. 
An upgrade to the ERC for iron, copper and gold based on simulations of a specialized software HSC 
Chemestry [35] by considering mineral processing was reported in [36], [37], [38], respectively. These 
new values of ERC varied in orders of magnitude to the previous ones conveyed in [18]. They differ in 
the method of calculation from observation to simulation in HSC.  
Previous ERC [18] and new ERC for iron, copper and gold [36], [37], [38] are higher values in GJ/t that 
would lead to numerous errors to estimate a fairer price of minerals. The reason for such magnitude of 
values is that Thanatia is used as starting point to determine the ERC. Therefore, a new approach is 
required to have an intermediate scenario that provides more appropriate ERC in this copper case.  
This research will be focused to establish this intermediate scenario, which will be described in the next 
section. 
1.3  An intermediate scenario for a new ERC for copper 
In order to establish a scenario, first, it is presented an ideal scenario of mineral dispersion in which all 
minerals are diluted through the Earth´s crust total mineral dispersion named Thanatia. On the other 
hand, it is described the cut-off grade as the minimum grade in a deposit in which a metal can be 
economically extracted [39], [40]. Therefore, an intermediate scenario can be found between the 
concentration of copper in Thanatia and the cut-off grade. In Figure 2, the exergy needed for the 
concentration of metals is presented as function of the ore grade [28],  XB represents the concentration 
of metal at the beneficiation process (c.a. 99 wt-%), XM the ore grade in mines, for instance, the average 
ore grade in copper deposits is 0.5 wt-%. Then as the ore-grade decreases, the exergy rises 
exponentially, Xcut-off the cut-off grade at which the extraction of minerals in deposits is not 
economically viable. We will consider the cut-off grade for Chile. This value was estimated as average 
value of 0.2 wt-% of copper [41], [42], [43]. Afterwards, XC is the concentration of metal. As written in 
section 1.1, in Thanatia de concentration of copper corresponds to 0.006 wt-%. The intermediate 
scenario (Xin.) of analysis for the new ERC for copper is located between a concentration XC and Xcut-
off. For the cut-off grade, since our objective is to estimate a new ERC for copper, we choose Xin for 
copper at a composition of copper of 0.02 wt-%. 
Mine La Escondida, in 2020, produced 30% of the total copper production in Chile [10]. Hence, the 
model in this paper, will be taken a similar mineral composition to La Escondida as input. A literature 
review was performed, and the most representative minerals were identified. The most predominant 
mineralogical composition was based on copper sulphides [44] accompanied by a series of minerals, 
mostly silicates, as is shown in Table 1. 
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Figure 2. Description of the intermediate scenario for the new ERC for copper. 

Estimations were performed on the basis of the abundance of the deposits La Escondida reported in 
[45], [46]. It was also considered QEMSCAN analysis developed by [47] and [48]. For the model it was 
allocated each mineral for an average ore-grade of 0.02 wt-% Cu. 

2. Methodology 
In this section, the stages of determining the new ERC for copper based on HSC Sim 9 [35] are 
explained. 

The target of the model is to estimate the specific energy needed to concentrate copper, in this copper 
known as the new ERC for copper, from a concentration of copper in the intermediate scenario (0.002 
wt-% Cu) to an average concentration in mines (0.5 wt-% Cu). The model was developed to concentrate 
copper mainly from sulphides, specially Chalcopyrite. Also, the model takes some procedures for the 
layout reported in previous work to determine ERC from Thanatia [37].  

Prior to the model, a literature review was performed [8], [40], as well as state-of-the-art technologies 
for copper concentration  [51]. On the basis of the analysis of operating data for concentrators of copper 
in La Escondida [57], a flow rate of 6 500 tons per hour was chosen. A top size in the ore feed of 6 E5 
µm was considered for the feed. 

The new ERC will also consider the energy for ore handling and the concentration of copper. For the 
ore-handling, it was assumed a minimum distance from an open pit mine to the concentrator so that the 
fuel consumption per ton of ore prevailed over the distance. For this task, it was supposed a  fuel 
consumption of 0.6 L/ton of rock taken from [58].  

The comminution circuit was modelled by following guiding principles reported in [59]. It consisted of 
three circuits primary crushing, grinding and regrinding. A jaw crusher reduced the 80% of feed particle 
size (F80) to P80, equal to 10 000 սm. Then semi-autogenous (SAG) crushed the rock to 2 000 սm 
Afterwards, a screen is used to separate the oversized particles. The latter went to a pebble mill, where 
they were reduced to 1 500 սm.  

During comminution, a fundamental equation to calculate the specific energy required for the mills is 
Bond´s equation [39], [60] Eq. (2): 

 𝑊 =  10 𝑊 ቆ
1

ඥ𝑃 

−  
1

ඥ𝐹 

ቇ 𝐸𝐹௫ (2) 

where W is the specific energy consumption of the mill (kWh/t), Wi represents the work index (kWh/t), 
P80 and F80 are the product and feed passing sizes, respectively measured in µm. The last term, EFx 
is the product of the Rowland efficiency factors, which depend upon mill, size and type of media, type 
of grinding circuit, etc. [39], [60]–[63]. Then, the theoretical power draw by the mill (kW) is calculated by 
W x T, where T is the throughput tonnage (t/h) [39].  

A hydrocyclone separated the fines to the flotation circuit with F80 lower than 130 սm. The coarse of 
the hydrocyclone went directly into a ball mill that reduced the oversized particles to 600 սm. The 
flotation circuit mainly separated the higher-copper minerals (sulphides), especially Chalcopyrite. To do 
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this, fast kinetics constants (kf) were set up for Chalcopyrite in the range of 1 to 2.5. These figures were 
in harmony with values reported in [64] and [65]. 

The volume and number of cells for the flotation tanks, roughers and scavengers, were established 
based on data reported by Weiss [51], and Wills and Finch [39].  

3. Results and Analysis 
The results of the simulations are described in this section. In addition to this, outputs of the model were 
validated through a comparison between parameters of the comminution and flotation processes with 
the respective ones found in the literature. As a final point, based on the methodology previously defined 
in the later section, the specific energy for the concentration of copper from an intermediate scenario 
(in.) between Thanatia and the cut-off grade, the new ERC for copper is identified.  

3.1 Simulation results 
From the model, the results were particle size for feed (F80) and output (P80) of the crushers and mills 
for the comminution processes, Table 1. The reduction ratio (Rr) is calculated by dividing F80 to P80 for 
every mill. Furthermore, the total reduction ratio is the product of Rr for every mill as specified in [52].  

Table 1. Feed and product size, F80 and P80, respectively for the comminution process. 

Stage Equipment F80 (µm) P80 (µm) Reduction ratio (Rr) 
Crushing Primary crusher 15302 10000 2 
 SAG mill 4374 2000 2 
Grinding Pebble mill 2968 1500 1 
 Ball mill 750 600 2 
Re-grinding HIG mill 131 34 4 

 
The Rr for our model was 32 after the comminution process comes the flotation, which main results of 
retention time and power consumption are shown in . 
Table 2. 

Table 2. Retention time and power consumption for the flotation process. 

Stage Retention time (min) Power (kW) 
Rougher 14 2250 
Scavenger 10 1850 
Cleaner 9 185 
Scavenger 14 55 
Re-cleaner 1 13 75 
Scavenger 18 90 
Re-cleaner 2 7 150 

 
The outcome of the flotation process had a mass flow rate of 210.10 t/h with a concentration of copper 
of 0.462%. For the flotation process, the recovery of copper was about 92%, followed by gold 46% and 
silver 39%. 

3.2 Validation of the model 
The validation consisted of the comparison between the main results of the model, particularly for 
comminution and flotation with those reported in the literature. In this sense, for comminution 

For the flotation, the parameter for validation was the retention time in flotation. In [51, Ch. 10] the 
retention time for the roughing circuit was in the range of 13 to 16 minutes. In comparison to the values 
of our model, they are in the range except for the Cleaner and Re-cleaner 2. They are relatively smaller, 
nevertheless not so far from the values reported in the literature.  

An essential parameter for the validation of the model was final metal recovery. Haque et al. [66] 
modelled pyro and hydrometallurgical for low-grade copper deposits. In this publication, the recovery of 
copper was assumed to have a yield between 86% to 89%. The recovery obtained from our model was 
about 92%. This figure agrees with the previous values reported in the literature. With this comparison, 
we can see that our model delivers logical and reliable results.  
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3.3 The new ERC for copper  
The energy for comminution depends on the Bond´s work index (Wi), as it was explained in Section 2. 
In order to have a value that would be used as a reference for faired prices for copper, only one value 
of the new ERC will be required. Therefore, we assumed an average representative value for Wi equal 
to 14 kWh/t. This value was in agreement with models for copper in [67]. 

With these considerations, the power demand for the comminution and the flotation processes was 
estimated Table 3 . 

Table 3. Power draw for comminution and concentration processes. 

Stage Power Demand (MW) Power Demand (%) 
Crushing 10.1 4.3 
Grinding 21.3 90.3 
Re-grinding 8.2 3.5 
Concentration 4.7 2.0 
TOTAL 236 100 

 
As can be seen in Table 3, most of the power demand is mostly concentrated in the comminution 
process (94% approx.). The grinding circuit was the largest consumer.  

The specific energy for the concentration process was calculated by following the methodology 
previously explained, Table 4.  

Table 4. Specific energy to concentrate copper from an intermediate scenario. 

 Cu concentration 
(wt-%) 

Flow rate 
(t/h) 

Specific Energy 
(kWh/t) 

Specific Energy 
(MJ/t) 

Feed Ore 0.036 6500 36 131 
Conc. metal 0.462 220.10 1074 3867 

 
By making a comparison of the average concentration of energy per ton of ore reported for different 
mines in [58], it can be seen that the value of 36 kWh/t-ore is in the range of those reported for mines 
such as La Escondida, Michila, Salvador [58]. This also supports that our model delivers reliable results.  

In addition to the values of the specific energy shown in Table 5, the ore-handling must be added. For 
that, a value of 1.2 litres of diesel per ton of rock was considered for the specific fuel consumption. This 
was reported in [58] as an average value for the energy consumption in the Chuquicamata open-pit 
mine. The new ERC from the intermediate scenario is shown in Table 5. 

Table 5. Specific energy for the concentration of copper from an intermediate scenario in GJ per ton of 
element. 

Phase Specific Energy (GJ/t) 
Ore handling 128 
Concentration 3.87 
TOTAL 131.87 

 
As can be seen, most of the energy is spent on the transportation of the ore to the concentrator. It is 
explained because a low ore grade ore (Table 1) is transported. 

In Table 6, is made a comparison among values of the exergy replacement cost (ERC) for copper from 
Thanatia reported in [18]. Also values are compared of ERC based on HSC simulation, considering the 
starting point Thanatia in [37]. In addition, also is compared the average energy intensity for the 
Chuquicamata mine from 2000 to 2013, published in [58]. Then it was converted into GJ per ton of 
copper. Then with this and the exergy replacement cost (ERC) for copper reported in [18], a comparison 
with the specific energy of the current paper was done, Table 6.  

The new ERC for copper is between the ERC from Thanatia in [18] and the specific energy for 
Chuquicamata [58], Table 8. The new ERC is more than three times the specific energy for 
Chuquicamata and almost a half of the previous ERC from Thanatia [18]. With regard to the values of 
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ERC for copper from Thanatia, also based on models in HSC, reported in [37], they differ by one to two 
orders of magnitude. 

Table 6. Comparison of the specific energy of the current work with other reported values in GJ per 
ton of element. 

 Ore Specific Energy 
(GJ/t-Cu) 

Source 

New ERC  Intermediate scenario (Xin.) 132 current work 
Based on HSC-model Thanatia (XC) 3100 - 30890 [37] 
ERC  Thanatia (XC) 292 [18] 
Chuquicamata  42 [58] 

 

4. Conclusions 
More metals are needed to conduct a more sustainable energy transition through renewable energy 
technologies. The growing need for metal has produced that rich deposits have been exploited. The fact 
of the mineral exploitation should also be a concern in this path towards a decarbonisation of the society. 
In this regard, it is vital to have reliable means for the assessment of minerals. One non-conventional 
way to do this is by applying the concept of the exergy replacement cost (ERC). As a concept ERC has 
revealed its strengths compared to traditional methods, such as market-price and mass balance. 
Nevertheless, previous approximations to calculate the ERC for metals do not provide values that can 
be useful when calculating a market price of metals that consider aspects of mineral depletion. In this 
regard, the present work is novel in considering an intermediate scenario to estimate a new ERC for a 
metal widely used and key for an energy transition, copper. In this research, it has been considered an 
intermediate scenario, one that is located between an approach of total mineral depletion, Thanatia, and 
the scenario when economic feasibility for the exploitation of metals is not viable, the cut-off ore grade. 
This research considered the mineralogical composition of a representative copper mine in Chile, La 
Escondida, as key to developing the intermediate scenario. 

The method of calculation of this new ERC for cooper has been based on the use of a reliable software 
HSC Sim 10.0.7.9 software [35]. This software has been helpful to develop new procedures to estimate 
ERC a more rigorous approach with mining considerations, as reported in [38]. 

The new ERC for copper from an intermediate scenario is an appropriate indicator for mineral depletion. 
It can be helpful to be considered a key indicator of mineral degradation towards the estimation of a 
fairer scheme for prices. In this scheme is required to have a clear picture on what parameters are the 
real drives for market prices. They should take into account the more need for energy to extract metals 
in the near future, as well as the loss of mineral wealth.  

A key message of this and previous publications points out the need to give more importance to 
esteeming current copper deposits, particularly those located in South America. These countries should 
re-examine their significance as crucial mineral suppliers, particularly when discussing an energy 
transition.   
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Abstract: 
 
The energy consumption of buildings presents a significant concern, which has led to a demand for building 
materials with better thermal performance. For this reason, determining the thermal properties of materials is 
essential information in the search for more energy-efficient materials. However, many time-consuming 
characterization experiments associated with high costs are required to ensure high accuracy and precision. 
Thermal conductivity (TC) is among the most relevant properties, which allows for measuring the material's 
heat transfer resistance. Due to the impracticality of predicting this thermal property in experimental tests, 
this study seeks to develop a methodology based on artificial neural networks (ANN) to predict the thermal 
conductivity of different types of concrete through its chemical composition. This work is broken down into 
two parts. The first one contains a feedforward backpropagation neural network (Multilayer Perceptron, MLP) 
to predict TC based on 200 experimental data sets of various types of concrete. Then, a Generative 
Adversarial Network (GAN) is used to expand the size of the training dataset to improve the performance of 
the first neural network. Currently, the model is implemented in Python, and different ANN structures varying 
the number of layers and neurons have been tested to find the best accuracy. The MLP model was 
developed using two hidden layers containing 200-100 neurons. It performed reasonably well on the training 
and validation dataset with an RMSE of 0.176, 0.183 W/m-K, and R² of 0.98 and 0.96, indicating a 
remarkable consistency between the predicted and the tested results. Furthermore, early GAN results show 
that it can generate data with reasonable accuracy with R² of 0.7. In the near future, we intend to increase 
the dataset and improve the model. Furthermore, the outcomes from this model can be helpful for the 
development of materials required for more energy-efficient buildings, providing quantitative information and 
helping the decision-makers in the construction sector. 
 
Keywords: Artificial neural networks, MLP, GAN, Building materials, Concrete, Thermal conductivity. 

 

1. Introduction 
 

Due to the constant concern about the energy consumption of buildings, there is a growing demand for 
building materials to improve thermal performance. Utilizing thermal efficiency materials in the construction 
sector is necessary as they preserve indoor thermal comfort, despite fluctuations in the outdoor environment 
conditions [1]. Many building materials, such as concrete, masonry, and specific stones, can also be used as 
thermal energy storage materials. As energy efficiency relies on the material's thermal properties, an 
accurate prediction of their properties is vital for optimizing their performance in a building. 

Concrete is one of the most used materials in construction and as a thermal energy storage material (TES) 
due to its unique features, such as high compressive strength, heat capacity, and low cost. However, as its 
chemical composition can vary significantly, its properties can undergo significant variations. For this reason, 
and in order to be effective as a TES material, it is crucial to have an ideal composition to ensure that its 
thermal properties meet the required design specifications [2].  

Due to the search for more energy-efficient materials, many studies focus on analyzing the thermal 
properties of construction materials, such as thermal conductivity. This property is essential when evaluating 
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the ability to transfer and store heat, which is directly related to finding and developing more energy-efficient 
materials. Therefore, a predictive model that can accurately estimate the thermal behavior of these materials 
would be beneficial in optimizing their use. In addition, several areas of engineering have used machine 
learning to perform data processing and analysis tasks due to its high efficiency. 

Machine learning (ML) models can be used to develop such predictive models by learning from large 
datasets and finding patterns that can be used to make predictions. By incorporating ML, the predictive 
models can adapt to varying conditions and continuously improve their accuracy, making them a valuable 
tool in optimizing the performance of building materials [3]. Among the machine learning-based models, the 
Artificial Neural Network (ANN) is one of the most employed ones to solve complex problems and has 
various applications in several fields [4], [5]. The importance of ANNs lies in their ability to learn and make 
decisions based on data, which makes them highly valuable in different areas. ANN is composed of a set of 
networks of interconnected nodes, which work together to learn complex relationships between a group of 
inputs and outputs, making them well-suited for predicting some values based on a variety of parameters. In 
this way, ANNs can be used to solve problems that conventional or other computational methods have 
difficulties [6]. 

ANNs provide an alternative method for predicting concrete properties that is faster, cheaper, and more 
accurate than traditional methods. Although it has been applied to properties prediction, a few papers are 
progressing on models to determine the thermal properties. Additionally, the papers do not have a generalist 
model, which only focuses on specific types of concrete. This work intends to fill this gap, and the novelty is 
the development of a methodology using an ANN model to predict the thermal properties of concrete 
containing different types of materials such as slag, lightweight and recycled aggregates, fibers, and others. 
For this methodology, a Neural Network model for predicting thermal conductivity will be developed based on 
the constituents' composition and the concrete's density. The objective of the developed model is to extend it 
to other building materials, which can improve the performance and efficiency of these materials, making 
them more effective and cost-efficient. 

 

2. Background 
 

Concrete is a composite material made of cement, water, and fine and coarse aggregates, which let the 
designers select the components and create mixtures with distinct physical and chemical characteristics [7]. 
Adjusting these materials and their quantities allows the properties of both fresh and hardened states to be 
tailored to achieve the design specifications. For this reason, some works have developed an ANN to predict 
the properties of concrete. Over the years, ANN has been applied to predict different properties of concrete 
due to its ability to model complex non-linear relationships. After training the neural network, it can predict 
concrete properties such as compressive strength, slump, and workability with high accuracy. Many works 
have been published using different structures of a neural network, such as a backpropagation neural 
network (BPNN) [8], multilayer perceptron (MLP) [9], and radial basis function neural network (RBNN) [10].  

Regarding the property predictions, the mechanical properties are the most evaluated, with compressive 
strength being the most investigated in different machine learning models. For example, Kandiri et al. 
estimated the compressive strength using a hybrid model of ANN and salp swarm algorithm [11], Abellán-
García trained an MLP model to forecast the compressive strength for a given ultra-high-performance 
concrete (UHPC) mixture design [12]. Besides that, another work also developed an ANN with a feedforward 
backpropagation algorithm to predict the slump flow and compressive strength of UHPC while incorporating 
silica fume, limestone powder, recycled glass powder, and FCC [13].  

Although many studies are developing new models to predict the properties of concrete, only a few papers 
investigated thermal conductivity or other thermal properties. Fidan et al. [14] trained different structures of 
an ANN model to predict thermal conductivity through five parameters – density, compressive strength, 
tensile strength, porosity, and ultrasonic pulse velocity. The best solution performance was achieved with a 
neural network with three layers and the following neurons sequence of 5, 25, and 1 in each layer. Sargam 
et al. [9] evaluated nine machine learning models, and MLP showed the highest prediction accuracy using 
the maxout activation function and three hidden layers, each containing 100 neurons. Kurpińska et al. [15] 
also investigated the influence of varying the number of neurons in the hidden layer to forecast the thermal 
conductivity of lightweight concrete. The model presented a sigmoid function and a structure with four layers: 
an input layer with two neurons, the first hidden layer varying from 2 to 12, the second hidden layer ranging 
from 2 to 17, and the output with one neuron. Kursuncu et al. [16] used ANN and ANOVA to investigate the 
effect of partial replacement of waste marble powder and rice husk ash instead of fine aggregate and cement 
into foam concrete. The results indicated ANN as the most adequate to estimate the thermal conductivity. 
Gence et al. [17] compared two neural networks RBNN and MLP to predict the thermal conductivity of 
concrete with vermiculite and concluded that RBNN had greater accuracy. 



 

 

Different types of ANNs have been successfully applied to predict the thermal conductivity of concrete. ANN 
with a backpropagation algorithm is the most popular method for prediction. In order to show the 
effectiveness of ANN, some comparative studies have been conducted, as listed in Table 1. 

 

Table 1. Comparative studies of different ANN-based methods to predict thermal conductivity. 

Reference 
ML 

method 
Concrete 

Number of 
inputs 

Number 
of 

hidden 
layers 

Neurons 
of 

hidden 
layers 

Number 
of 

outputs 

Number 
of 

datasets 

Activation 
function 

Evaluation 
criteria 

Sargam et 
al. [18] 

MLP Concrete 
containing 

modern 
constituent 
materials 

3,5,6,8,9,10,13 3 100 
100 
100 

1 213 Maxout MAE 

Fidan et 
al. [14] 

ANN Concrete 5 1 5,10,15, 
20,25 

1 132 Tansig MAE, 
MAPE, 

RMSE, R² 
Kurpińska 
et al. [15] 

Backpropagation 
NN 

Lightweight 
concrete 

2 2 2-12 
2-17 

1 15 Sigmoid MSE 

Kursuncu 
et al. [16] 

ANN Foam 
concrete 

- - - 1 18 Sigmoid R 

Gencel et 
al. [17] 

Radial basis NN 
/ MLP 

Concrete 
with 

vermiculite 

5 1 3 1 20 Non-linear RMSE, 
MSE, R 

Lee et al. 
[19] 

Backpropagation 
NN 

Concrete 11 2 20 
20 

1 152 Sigmoid / 
linear 

MSE, R 

Ozel and 
Topsakal 

[20] 

Backpropagation 
NN 

Construction 
materials 

2 1 1 1 110 - RMSE, R² 

 

 

Besides the literature review, a generic bibliometric analysis was performed to identify the most relevant and 
influential literature in the research domain of the employment of machine learning to predict the properties 
of concrete, which can facilitate the identification of critical research gaps and areas for future investigation. 
To proceed with this analysis, VOSviewer was used. It visually represents the research and enables 
researchers to find insights into the research domain [21]. Consequently, it can lead to more effective 
development of prediction models of thermal properties. 

In order to evaluate the development of the research regarding property predictions using machine learning, 
a bibliometric study in the Web of Science database was performed. The following query, "concrete" AND 
"properties" OR "thermal conductivity" AND "machine learning" OR "artificial neural network" OR "ANN", and  

search criteria that were used in this bibliometric study summarized a total of 1508 documents that were 
published between 2000 and 2023. Then, the overall results were inserted in VOSviewer to analyze the 
keywords present in each paper's title or abstract, which generated the overlay cluster representing the 
development of the research over the years (Figure 1). 

Figure 1 depicts the trend of integrating machine learning techniques with optimization for property prediction 
over the years, proving that machine learning models are a very actual research line with great expectations 
of development in this area. Although the ANNs are dated between 2018 and 2019, they are still being 
explored due to their effectiveness. Although many works employ ANN to predict mechanical properties, it is 
possible to observe the investigation of some chemical properties. 

Therefore, after the literature and the bibliographic review, we noticed a gap in prediction models regarding 
thermal properties using machine learning models. This study aims to fill this gap and develop a method to 
predict the thermal conductivity of concrete. Additionally, we intend to build a model for data augmentation 
that has been used in many fields. 

 

 

 

 



 

 

Figure 1. Cluster based on keywords (Overlay visualization). 

 

 

 

 



 

 

3. Methodology  
 

The following methodology outlines the development of an ANN model for predicting the thermal conductivity 
of concrete based on its features, which enables the evaluation of the model potential to foresee this 
property and shows the efficiency in the prediction speed when compared to the time-consuming 
experiments, which will provide a reliable model to predict the concrete's thermal conductivity. This 
methodology is broken down into three steps (Figure 2).  

The first one corresponds to the literature review and data collection of a diverse variety of concrete. 
Collecting the database is the primordial step in building the predictive model, as the ANN will learn from this 
data. If it presents an inadequate representation of the problem, the model cannot predict the property 
effectively, thus reducing the model's reliability. Furthermore, for the model to be representative, there must 
be a sufficiently large amount of data to ensure diversity. In this step, it is necessary to define the dependent 
and independent variables, that is, to recognize which properties affect the output response of the model. 
First, the model's inputs and outputs are defined according to the available data and the dependent 
variables. Then, the available data sets from the literature are organized in a CSV file to develop the ANN 
model. The second one is related to the general process of building the ANN model to predict thermal 
conductivity, i.e., the selection of an appropriate neural network architecture for the prediction task, defining 
the learning rate of the neural network, the number of hidden layers and neurons in each layer, and the 
metrics to find the best model for the dataset. The last step is analyzing a case study, where the dataset 
based on previously published works is plugged into the model to evaluate its accuracy. Besides that, a 
Generative Adversarial Network (GAN) is also developed for data augmentation to improve the model and 
guarantee a good prediction. Then, both neural networks are implemented to strengthen the final model. 
Figure 3 summarizes the key steps and the necessary data. 

 

Figure 2. Methodology framework 



 

 

 

4. Case study 
 
This case study demonstrates the potential for ANNs to improve the accuracy and efficiency of material 
property predictions, with important implications for energy-efficient building construction. The case study 
explores the use of ANNs to predict the thermal conductivity of different types of concrete. 

 

4.1. Database 

 

The database for developing the neural network model was obtained from the literature. This work 
conducted a comprehensive literature review to create a dataset of 200 points from various relevant articles 
published in the literature. Furthermore, in order to build an ANN model, data related to the composition and 
density of each type of concrete were collected and organized to plug into the model. Table 2 presents a 
sample of the training dataset obtained from the literature. 

 

Table 2. Sample of the training dataset 
Density w/c Water Cement Ceramic 

powder 
Fine 
agg. 

Coarse 
agg.  

Nat. 
agg. 

Fly 
ash  

Silica 
Fume 

Slag Fiber Adm. Splast. Foam 
Vol. 

TC 

1530 0,5 510 1020 0 0 0 0 0 0 0 0 0 0 0 0,6 

1530 0,5 510 1020 0 0 0 0 0 0 0 0 0 0 0 0,7 

1740 0,33 432 1308 0 0 0 0 0 0 0 0 0 0 0 0,9 

1740 0,33 432 1308 0 0 0 0 0 0 0 0 0 0 0 1 

2340 0,44 170 387 0 736 1115 0 0 0 0 0 0 0 0 1,1 

2340 0,44 170 387 0 736 1115 0 0 0 0 0 0 0 0 1,3 

2240 0,49 190 385 0 701 1096 0 0 0 0 0 0 0 0 1,3 

2240 0,49 190 385 0 701 1096 0 0 0 0 0 0 0 0 1,4 

2260 0,62 183 294 0 701 1236 0 0 0 0 0 0 0 0 1,6 

2414 0,62 183 294 0 701 1236 0 0 0 0 0 0 0 0 1,7 

1475 0,5 175 350 0 700 250 0 0 0 0 0 0 0 0 1,1 

2042 0,5 292 583 0 1167 0 0 0 0 0 0 0 0 0 1,2 

1475 0,5 175 350 0 700 250 0 0 0 0 0 0 0 0 1,3 

3075 0,5 175 350 0 700 1850 0 0 0 0 0 0 0 0 1,7 

1475 0,5 175 350 0 700 250 0 0 0 0 0 0 0 0 1,8 

2358 0,48 145 242 0 707 1204 0 60 0 0 0 0 0 0 1,1 

2358 0,48 145 242 0 707 1204 0 60 0 0 0 0 0 0 1,1 

2358 0,48 145 242 0 707 1204 0 60 0 0 0 0 0 0 1,2 

2358 0,48 145 242 0 707 1204 0 60 0 0 0 0 0 0 1,2 

2358 0,48 145 242 0 707 1204 0 60 0 0 0 0 0 0 1,3 

2349 0,37 161 439 0 621 1128 0 0 0 0 0 0 0 0 1 

2349 0,37 161 439 0 621 1128 0 0 0 0 0 0 0 0 1,4 

 

 

 

4.2. Artificial Neural Network Model 

 



 

 

A neural network is a structure of layers of interconnected artificial neurons, which receive an initial input, 
process the information, and produce an output. Figure 3 represents a graphical representation of this 
mechanism. Each input (𝑋) is multiplied by the weight (𝑊) and summed with each other and added the bias 
value (𝑏). Then, the result is transferred to the activation function, which adjusts the final output. The 
essential elements of a neural network are the inputs, outputs, artificial neurons, weights, activation 
functions, and hidden layers. According to the problem to be solved, these elements are varied until the 
model obtains outputs closer to the actual values. For example, and the activation functions, there are 
several possibilities, which are tangent sigmoid (tansig), linear (purelin), tri-angular basis (tribas), radial basis 
(radbas), and logarithmic sigmoid (logbas) [14]. During training, the complex relationships between the input 
data and the target values are trained to find specific patterns, and the weights are updated according to the 
learning technique until the predicted values reach a tolerance limit. 

Figure 3. Graphical representation of a neuron 

 

The developed artificial neural network model was built to predict the thermal conductivity of concrete based 
on chemical properties. To train the ANN with thermal conductivity as the output, this research utilized 
experimental data reported by previous researchers with thirteen parameters: the water-cement ratio, the 
unit water weight, the unit cement weight, the unit of ceramic powder, the unit fine aggregate weight, the unit 
coarse aggregate weight, the unit natural aggregate weight, the unit fly ash weight, the unit silica fume 
weight, the unit slag weight, the unit fiber weight, the unit superplasticizer weight,  and density. 

The ANN implemented was a Multilayer perceptron (MLP). It is a feedforward network that consists of an 
input layer, one or more hidden layers, and an output layer, as shown in Figure 4. Various combinations of 
network architecture were examined to evaluate the optimum model. The MLP model was built with an input 
layer with 13 neurons, some hidden layers varying the neurons in each layer, and 1 output layer with 1 
neuron. In order to determine the best performance values, different activation functions, neuron numbers, 
and hidden layers were designed to perform the property prediction. This study tested different activation 
functions and used the backpropagation algorithm as the learning algorithm because it had been extensively 
used in previous studies. 

 

 
Figure 4. Example of the MLP model 



 

 

 

 

4.3. Generative Adversarial Network 

 

A Generative Adversarial Network (GAN) aims to generate new data based on a real database. The GAN 
captures the distribution patterns of the real data and creates new examples from this distribution. Its 
framework comprises two distinct deep neural networks: the generator and the discriminator network, which 
work together to train the GAN to produce realistic data that are difficult to differentiate between the 
generated and the data (Figure 5). First, the generator initiates the process, which takes a random noise as 
an input, creating samples similar to the original dataset. Following this, the discriminator tries to distinguish 
the data and inform which ones are real or fake. During the training, the generator loss and the discriminator 
loss are evaluated, allowing the generator to get better and better at producing new artificial data and the 
discriminator to find if they are real. 

 

Figure 5. Flowchart of a Generative Adversarial Network (GAN) 

 

 

5. Results 
 

The first part of this study implemented an MLP model using Fastai, the most updated library to develop 
neural networks in deep learning. As previously mentioned, the model was developed to predict the thermal 
conductivity of concrete by utilizing the different compositions and densities as the input parameters.  

Firstly, the dataset was plugged into the model and divided into two categories: training (80%), validating, 
and testing (20%), also used to train the GAN. Then, some features of the model were specified, such as the 
hyperparameters, metrics, activation, optimization, and loss functions. Table 3 summarizes the main features 
of this model. 

For this study, some hyperparameters were varied during training to achieve the lowest value of the loss 
function and the highest values of the metrics selected. It used a combination of metrics to compare the 
model's overall performance. The chosen metrics were the Root Mean Squared Error (RMSE) and the 
coefficient of determination (R²); both are frequently adopted to evaluate the prediction quality regarding the 
variations in the dataset. The learning rate and the number of epochs were kept fixed. 

 

Table 3. Main features of the MLP model 

Hyperparameters 

Hidden layers = [1, 2, 3, 4] 

Batch size = 32 

Learning rate = 0.001 

Epochs = 40 

Metrics  

RMSE 



 

 

R² 

Activation function 

ReLU 

Optimization function 

Stochastic Gradient Descent (SGD) 

Loss function 

MSE 

 

The numbers of the hidden layers and the neurons have been tested to determine the optimal structure of 
the ANN model. In order to select the best architecture, it was evaluated the loss function and the metrics. 
Table 4 displays some of the neural network architecture tested in this work. It can be observed that the best 
model presents a structure of 2 hidden layers with 200 and 100 neurons, achieving an RMSE of 0.111 
W/m.K and R² of 0.984 for the training dataset. Regarding the test dataset, the metrics values were 0.183 
and 0.96, respectively.  

 

Table 4. Performance indices and metrics of the MLP model 

Layers ANN Architecture Train Loss Valid Loss RMSE R² 

4 200 – 100 0.083 0.012 0.111 0.984 

5 200 – 100 – 50 0.107 0.024 0.155 0.968 

5 200 – 100 – 40 0.099 0.037 0.192 0.950 

5 200 – 100 – 30 0.087 0.028 0.167 0.960 

5 200 – 100 – 20 0.012 0.037 0.191 0.949 

6 200 – 100 – 50 – 25 0.102 0.064 0.253 0.918 

 

To the best model evaluated, the loss function versus the number of epochs was analyzed, as seen in Figure 
6. Although the number of epochs during the training was set as 40, we can observe the decreasing rate of 
the loss function over the epochs numbers, and after the setpoint, the loss function tends to be the smallest 
value in both datasets. 

 

Figure 6. Loss function during the training 

 

Comparing our results with previous works, although the model developed presents an accuracy as high as 
the other papers, this work brings a greater variety of the constituents of concrete. Fidan et al. [14], using a 
dataset with 132 entries, developed an ANN with an R² performance of 0.996. Sargam et al. [18], the only 
one to implement a neural network with a larger dataset, presented RMSE and R² of 0.117 and 0.964 for the 
training set and 0.215 and 0.894 for the validation set. 

 

L
os

s 

Epochs 



 

 

The second part of the study considered the implementation of a GAN for data augmentation. As can be 
observed in Table 4, increasing the number of layers did not improve the model's learning capacity or 
performance. If we increase the hidden layers of the model with a small dataset, the model can overfit. For 
this reason, the metrics and the loss function exhibited higher values. In order to solve this issue, we intend 
to develop GAN to increase the dataset, creating new synthetic data based on the real data used to develop 
the MLP model. It will avoid the overfitting process and make the model more robust with extensive dataset 
training. 

This part of the study is broken down into two steps. The first step of GAN training is the generation of a 
synthetic dataset, and the second is the integration of the MLP and GAN to train the model on both real and 
artificial datasets. The implementation of GAN used a specific library to create tabular data (Tabgan). The 
first result showed a promisor result with R² of 0.710. The next step of this work will include this new data 
and verify the performance of the MLP model and if the neural network structure will change. 

 

 

6. Conclusion 
 

Determining the thermal conductivity of concrete is vital to analyze the thermal behavior of the concrete. 
Nonetheless, the conductivity value depends on various variables, including composition, porosity, 
temperature, etc. Thus, a dataset containing the thermal conductivity values of concrete and other 
parameters related to its composition was developed from published works. This paper proposed a 
prediction methodology integrating a Multilayer Perceptron (MLP) and Generative Adversarial Network 
(GAN) models. The first part of the study showed that MLP predictions agree with the thermal conductivity 
values found in the literature, presenting RMSE and R² values of 0.183 and 0.96 for the validation dataset. 
Therefore, it can be used to predict thermal conductivity with high accuracy. Besides that, the first step of 
GAN indicated that it could generate reliable synthetic data to be included in the original dataset. 

This work is part of a broader effort to develop a methodology for predicting the thermal properties of building 
materials using ANN. As the contribution of this study, the authors intend to demonstrate the feasibility of the 
proposed method to predict the thermal conductivity of different types of concrete and show that a GAN 
model can be used for data augmentation based on a small dataset and present a reliable model. Then, the 
ultimate goal of this research is to extend the model developed for concrete to other materials, thereby 
advancing the field of energy efficiency and enabling the development of new energy storage solutions that 
can meet the growing demands of the future. Additionally, integrating artificial intelligence techniques 
enhances the intelligence and feasibility of TES systems. By developing models that can predict thermal 
properties, researchers can improve the performance and efficiency of these materials, making them more 
effective and cost-efficient. Besides that, the ability to predict the thermal properties of building materials will 
also facilitate the development of new energy storage solutions that can meet energy demands, ensuring a 
more sustainable and energy-efficient future for the next generations. 
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Abstract 
 
Implementing a recycling route for vehicle plastics surely represents a challenging mission for a company. In 
general, the recyclability of automotive plastic is influenced by the nature of the polymer (i.e. the material 
cannot be recycled or recycling would cause deterioration of its properties) or by the lack of an industrial 
recycling system. In general, there are several technological and economic barriers that must be overcome 
through design innovation and logistical measures. Based on these factors, an arbitrary scale has been first 
developed to translate the qualitative indicators into a numerical score that can be useful for comparing 
different plastic components in a vehicle. Then, the various indicators have been translated in exergy terms, 
for giving an idea of the order of magnitude of the resources invested in developing the recycling process. 
Therefore, a new methodology for including critical recycling factors in the total exergy recycling cost is here 
presented. 
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1. Introduction 
 

The correct final disposal of End-of-Life Vehicles (ELVs) is still a crucial worldwide issue. At European level, 
many directives have been implemented in order to regulate the materials used in vehicles and the steps of 
their end of life (i.e. depollution, dismantling, shredding, and landfill). In particular, the EU Directive 
2000/53/EC has set the recycling/recovery target for vehicle to 85% by 2006 and 95% by 2015. This means 
that from 2015, recovery requirements should achieve the target of at least 95% (with a maximum energy 
recovery of 10%) and a minimum of 85% of the total material must be reusable and recyclable. The 
compliance of the EU Directive has been accompanied by a changing in the material composition of cars. 
According to the EU 2000/53/EC definitions, reuse means “any operation by which components of ELVs are 
used for the same purpose for which they were conceived”, while recycling means “the reprocessing in a 
production process of the waste materials for the original purpose or for other purposes but excluding energy 
recovery”. In this view, plastic materials comply with this standard, since they are theoretically reusable and 
recyclable. Moreover, their low cost and weight make them even more appealing for cars manufacturers. As 
a consequence, in the last 10 years, the percentage of plastic in vehicle increased, being the reduction in 
weight also justified by a decrease in fuel consumption [1]. The current amount of plastic is between 15-17% 
of the car total weight and 50% of its volume [2]. Currently, the 10% of the global European demand of 
plastic is for the automotive sector [3][4]. In the last 15 years, an impressive enhancement of End of Life 
Vehicles (ELVs) occurred, due to the shortening of the cars average life, estimated in 10-12 years [5]. 
According to a survey delivered by the EU commission [6], the ELVs legally deregistered produce every year 
between 7 and 8 million tonnes of wastes; anyway, considering also the number of estimated ‘unknown 
whereabouts’ vehicles, the total increase to 13-15 million tonnes of wastes. Apart from sporadic cases, 
plastics in ELVs are not recycled. During the pre-shredding phases of depollution and dismantling, the 
amount of plastic that can be ‘incidentally’ reused (e.g. tyres, bumpers, tanks) does not exceed 25% of the 
total [7]. Considering an average weight of vehicle of 1250 kg, it means that 150 kg of mixed plastics per 



vehicle are discarded, shredded and ultimately landfilled. Therefore, only in EU about 2 millions of tonnes of 
plastic are dispersed every year due to the automotive sector, approximately 4 kg per person. For 
comparison, the average production of plastic packaging per year in EU is 31 kg per person [8]. The fact that 
plastics in vehicle are merely reused or recycled leads to ah huge dispersion of resources. An estimation of 
the resources embodied in the polymeric content of the ELVs has already be presented in Russo et al. [9], 
where the concept of Embodied Exergy (EE) is used for assessing the material and energy consumption in 
each step of polymers production and recycling routes. It resulted that, for the analysed vehicle, about 18.3 
GJ of exergy are embodied in the plastic content, only considering the polymers processing and feedstock 
contribution. 

1.1 Recycling practices 
 

The inclusion of recycling in the automotive sector can follow various paths, which can be eventually linked 
in a closed-loop vision: (i) recycling of plastics to be used in non-automotive applications (i.e. open-loop 
recycling); (ii) recycling of plastics to be re-integrate in vehicle components (i.e. closed-loop recycling); (iii) 
integration of recycled plastic from other waste sources, e.g. municipal solid waste (i.e. reverse open-loop 
recycling. The more diffused practice is the integration of recycled plastic from external sources [10]. 
However, between the recycling schemes, the closed-loop might assure a predictable and secure source of 
material, overcoming the problem of scarcity in recycled plastic supply. The recycled material can be used 
for the same component fabrication or for lower mechanical performance applications. In fact, since 
mechanical recycling always leads to partial degradation of polymer mechanical properties, solutions have to 
be adopted. The options are the blending with virgin plastics or the incorporation of additives. 
 
1.2. Recycling issues  

Implementing a recycling path for vehicle plastics surely represents a challenging mission for a company. In 
general, the recyclability of automotive plastic is influenced by the nature of the polymer (i.e. the material 
cannot be recycled or the recycling would lead to deterioration in its properties) or by the lack of an industrial 
recycling system. Therefore, there are a series of technological and economic barriers that must be 
overcome by design innovation and logistic measures. A list of the main limits and issues of recycling is 
reported below.  

 Compatibility of polymers. Nowadays, vehicles contain from 20 to 40 types of polymers [11]. 
Different polymeric materials are often incompatible at the time of recycling. Mixing of incompatible 
plastics leads to a recycled material with degraded properties, that cannot be re-used for the same 
noble application; the tolerance rarely exceeds 2% of contaminants in a mixture; compatibility can 
change according to the types of polymers [12]. Vehicle parts are practically always made of more 
than one plastic, but many times this is due to aesthetic reasons. This is the case of the polymer-
based surface coatings, films or paint, which are included for obtaining the textile or leather 
appearance to plastics. Even if the use of compatibility additives is lately gaining attention in 
recycling practice [], they still represent an extra cost for recyclers and are generally not used, aside 
from antioxidants. 
 

 Use of additives and fillers. Additives and fillers are incorporated into the polymers for enhancing 
mechanical characteristics, strength, fire resistance and for colouring. Additives can hinder the 
recycling for several reasons: health hazards due to presence of heavy metals and halogens (Br, Cl, 
F) or incompatibility of different flame retardants; impossible separation of fibres (glass or natural) 
from the polymer; lack of information on additive composition, which makes impossible the plastic 
sorting. It is not easy to find information on the degree of tolerance of additives in the recycling 
process. The fact that many of them are not declared means that the resulting polymer composition 
is unclear. In addition, given the wide use of additives, the combinations can be multiple and the final 
composition very varied. For each case, experimental studies must be carried out to quantify the 
degradation of the material and its possible re-use for different applications. In general, many types 
of additives migrate from one polymer to another during recycling []. For the purposes of this paper, 
we will focus on the declared additives found in large quantities in vehicle components: glass fibres, 
talc, titanium and carbon oxides. The objective is to find out the tolerance range of these additives in 
the recycling process. The benchmark studies used are as follows. In [13], Pegoretti et al. describe 
the various recycling alternatives (i.e. mechanical recycling, use of recycled matrices, use of 



recycled fibres, use of waste composites, chemical recycling) and provide a literature review on 
various recycling processes of reinforced polymers. It is highlighted that in mechanical recycling 
processes the percentage of glass fibres never exceeds 40% of the total polymer matrix, while for 
talc we report examples with samples up to 20%; data on mechanical characteristics of recycled 
materials are also reported. The study of Scaffaro et al. [14] focuses more on a review of the various 
recycling processes of carbon and glass-fibre reinforced polymers and the modification of the 
mechanical characteristics of the material that affect the field of reuse. Among the results, it is 
highlighted that recycled composites can be reused for the same applications, when the properties 
do not change much after recycling, or recycled to applications that require less performance. The 
main disadvantage lies in the loss of fibre structure and length due to fibre size reduction. The need 
for milling and grinding steps before the remanufacturing process can also increase the operational 
cost (even non-standard equipment may be required, able to withstand the wear caused by the fibre 
during milling). Still, the authors were able to obtain compression-moulded panels with good tensile 
strength and the same flexural properties as virgin composites by adopting a 'sandwich', multilayer 
configuration in which virgin material was used as the outer layers and recycled material was used 
as the core layer. By doing so, 50% of the volume of the virgin material could be replaced by 
recycled material while maintaining good mechanical properties. An experimental estimation of the 
additional energy required for the recycling process of PET with 30% glass fibres is given in [15]. In 
[16], the authors analyse the effect of titanium oxide on the plastic matrix up to concentrations of 
12%. A general resume of the allowed additives, in the hypothesis of excellent quality of the recycled 
products is given in [..]; according to this review, flame-retardants, high concentrations of glass fibres 
(> 10%), vegetable fibres, nano-particles, pigments with heavy metals are totally not tolerated; small 
fibres concentrations (< 5%) are partially tolerated, while talc, calcium carbonate, barytes and TiO2 

are admitted for recycling. In general, in order to have noble outlets, i.e. with a property loss <5%, 
the impurity rate during the sorting process must be <3%. As for carbon, no studies have been found 
that analyse the criticalities in the recycling phase (apart from the problems of optical separation due 
to the black colour), so a good tolerance is assumed. 

 Recycling volumes and dismantling time. In order to make the recycling process economically 
viable, consistent recycling volumes of the same polymer have to be achieved. In fact, the 
investment in dismantling operations must be offset or exceeded by revenues from the sale or reuse 
of dismantled plastics. Polymer recovery for recycling can take place both upstream and 
downstream of shredding phase. The degree of precision in polymer recovery at the 'pre-shredding' 
stage determines the extent and therefore the cost of the dismantling stage. The number of different 
polymers and vehicle subcomponents, the compatibility of polymers in recycling and the presence of 
mechanical or adhesive connections between parts of different materials are the influencing factors 
of the dismantling time. For evaluating the dismantling cost, it would be necessary to have empirical 
data on dismantling operation and to know the type of dismantling methodology (e.g. manual, 
mechanized). The energy and monetary cost of the labour could then be accounted with various 
methodology. As an example, Sciubba et al. [17] have included labour and capital in the exergy 
assessment.  

 Supply stability and lack of market demand. One of the major limits of plastic recycling is the lack 
of an industrial and well-assessed market for recycled materials. The relative low-cost of virgin 
plastic material is still a barrier to the development of a circular economy of plastics, since the costs 
of installing a new recycling plant is not compensated by the revenues. As consequence, often the 
companies have doubts about including recycled plastics, because of the concerning of not having 
stable supply. 

 

1.3. Aim of the analysis 

The aim of the present work is to assess methodologies for evaluating the recyclability of polymers in 
vehicles, including all the factors that influence the process and giving an order of magnitude of the exergy 
cost associated to recycling of EoL vehicle components. In order to do that, a first qualitative analysis is 
developed for assessing all the recyclability crucial factors, followed by a translation of some of them into 
exergy terms. 

 



2. Methodology 
 

2.1.  Recyclability table  

First, based on the critical factors expressed above, an arbitrary scale (Table 1) has been developed to 
translate the qualitative indicators into a numerical score that can be useful to compare different polymeric 
vehicle components. The number of polymers and subcomponents and the compatibility of polymers in 
recycling influence the dismantling time; the compatibility of additives and fillers in recycling and the 
presence of adhesives or coatings influence the effective recycling of the polymers, while the compatibility in 
density separation has an effect on the post-shredding recovering. The scale is arbitrary, decided after 
empirical attempts in comparing resulting scores for different components. In fact, the main goal is to quantify 
the qualitative characteristics influencing recyclability and to compare different vehicle parts. For this work, 
data on vehicle plastic composition have been provided by Seat-SA for a 350 Seat Leon. Four components 
have been chosen for the analysis: rear bumper, dashboard, floor covering and rear seats. The analysis of 
vehicle components starts with the identification of the main polymeric materials (present in quantities higher 
than 1 g) and the main subcomponents containing them. If the same polymer is present but containing 
different additives, it counts as a different polymer. Resins, adhesives and not-declared additives are not 
included in the computation of polymers. Then, the recyclability table factors have been identified and a total 
score from 0 to 5 is assigned to each category. For the compatibility indicators, the main polymers (i.e. the 
polymers that embodied the majority of the weight) are taken as reference; a weighted average is calculated 
for assigning the final score, considering that the presence of recycling technologies has a relatively higher 
importance than the other factor (weight percentages are reported in Table 1). Obviously, this procedure is 
not based on an absolute criterion, but it is based on common practice and empirical considerations.  

Table 1 – Recyclability table for score assigning according to critical factors 

 Score  
0 1 2 3 4 5 

A 

Number of main polymers: 
polymeric materials present in 
quantities higher than 1 g are 
identified [10%] 

≥8 7 6 5 4 ≤3 

B 

Number of main 
subcomponents: only 
subcomponents containing 
polymers are considered [10%] 

≥16 13-15 10-12 7-9 4-6 ≤3 

C 

Compatibility of polymers in 
recycling: mean value based 
on the main polymer 
compatibility with each of the 
others [10%] 

If not 
compatible 

 
2.5 

If limited compatibility for 
moderate quantities 

 
If 100% 

compatible 

D 

Compatibility of additives and 
fillers in recycling: mean value 
based on the main polymer 
compatibility with their additives 
[10%] 

Prohibited 
additive 

>60%wg 40-60%wg 20-40%wg ≤20%wg No additive 

E 

Compatibility in density 
separation: mean value based 
on the main polymer 
compatibility [10%] 

Overlapping 
densities 

 
No overlapping 

densities 

F 

Presence of coatings: paint 
and skin can be present and 
should be chemically removed  
[10%] 

Prohibited 
coatings 

On the 
main 

polymer 
(main part) 

On the main 
polymer 

(secondary 
parts) 

On the 
other 

polymers 
(main 
part) 

On the other 
polymers 

(secondary 
parts) 

No coatings 

G 
Presence of adhesives: 
adhesives in high quantities can 
hinder the recycling [10%] 

Prohibited 
adhesives 

On the 
main 

polymer 
(main part) 

On the main 
polymer 

(secondary 
parts) 

On the 
other 

polymers 
(main 
part) 

On the other 
polymers 

(secondary 
parts) 

No adhesives 

H 

Presence of recycling 
technologies for the main 
polymer for the same 
application (closed loop) [30%] 

No recycling 
technologies 

 
2.5 

If limited technologies are 
present 

 
Well developed 

recycling 
technologies 

 

 



2.2. Exergy cost of recyclability 
 

The score may be important for a first comparison, but it does not give an idea of the order of magnitude of 
the energy and resources invested to develop the recycling process. For this reason, the attempt has been 
trying to translate some indicators using exergy. The initial idea is that all indicators express characteristics 
that make recycling more difficult and consequently more expensive in terms of resources and money. The 
recycling routes assessed in [10] referred to ‘standard’ recycling process, namely they refer to basic 
polymers (those generally used for packaging), without additives or in percentages compatible with recycling. 
Due to the lack of information on the effective additional energy burden associated to vehicle dismantling, 
polymer separation and recovering and coatings and adhesives removal, the analysis has been focused on 
the recycling of polymers with additives and fillers. According to the review presented in Section 1.2., a set of 
rules has been chosen as reference for evaluating additives presence in vehicle components and hypothesis 
of recycling, as presented in Table 2. No declared additives in plastic components are generally lower than 
5%, even if it is not possible to know their composition. Concentrations higher than the ones reported in 
Table are supposed to be not allowed. Therefore, three recycling scenarios are analyzed; every scenario is 
analyzed in terms of Embodied Exergy in the operations of dismantling of the old vehicle polymeric 
component and making of the new one, as follows.  

Table 2 – Admitted additives and recycling options  
Additive  Recycling 
Talc <20% Admitted  Polymer 100% recycled  
Titanium Dioxide <15% Admitted  Polymer 100% recycled  
Glass fibers <5% Admitted  Polymer 100% recycled  
Glass fibers 5%<GF<40% Partially admitted  Multilayer - Polymer 50% recycled 50% virgin 
No declared additives >5% Partially admitted  Multilayer - Polymer 50% recycled 50% virgin 
 

 1st scenario: No recycling. In case of no recycling all the EE of the polymers in the vehicle 
component is lost and it is necessary the same amount of EE for remanufacturing them  

 2nd scenario: Recycling only the main polymers in closed-loop, according to the limitations and 
the recycling options reported in Table 2. The other polymers are reintroduced as new, so their EE is 
lost; in case of multilayer configuration, also the EE of the 50% of polymer is lost. The same amount 
of EE is necessary for remanufacturing them. 

 3rd scenario: Recycling the main polymers in closed-loop and inclusion of recycled polymers 
from open loops, according to established markets. The EE of the replaced polymers is lost but 
less exergy is required for their new production, since they come from recycling routes.  

In all three cases, the total EE (𝐸𝐸௧௧) is taken as comparison indicator, being the sum of the EE lost (𝐸𝐸௦௧) 
within the old vehicle component and the EE necessary for its new production (𝐸𝐸௪ ௗ), Equation 1.  

𝐸𝐸௧௧ = 𝐸𝐸௦௧ + 𝐸𝐸௪ ௗ                                                                   (1) 

In order to perform the calculation the values of EE associated to polymers production and recycling reported 
in Table 3 are considered [10]. The EE values of production refer to the process only (i.e. from naphtha 
steam cracking to polymerization), without including the feedstock part or the exergy replacement cost of fuel 
in the environment. The EE values of recycling refer to standard recycling processes found in literature. The 
values of 𝐸𝐸௦௧ and 𝐸𝐸௪ ௗ were then calculated as the sum of the products of the EE of polymers for the 
respective quantity in the vehicle part 

Table 3 – Production and recycling Embodied Exergy 
Polymer  EE of production (MJ/kg) EE of recycling (MJ/kg) 
PP 39 3 
PE 24.3 3 
EPM 32.3 11.4 
PVC 25.5 1.1 
PU 41 5.3 
PA 59.3 10.3 
PET/PES 51.2 4 
SBR 73 11.4 
EPDM 55.9 11.4 
ABS 69.8 2.3 
PC 48.8 3 
PMMA 48.8 3 



3. Results 
 

3.1. Qualitative indicators 

First, the material composition of the four plastic components have been analyzed, mapping the distribution 
of polymers among the subcomponents. Results are reported in Tables 3-6. If the same polymer is present 
with different additives, it counts as a different polymer.  

Table 3 – Plastic composition and distribution in rear bumper  
Rear bumper 

Sub-component Material  g Additive g TOT 
Main bumper part PP 2627.3 ND 5% 175.2 2802.5 
Diffuser EPM 725.6 Talc 12% 83.5 809 
Mobil guides EPM 212 Talc 12% 24.4 236.4 
Hook cover EPM 7.5 Talc 12% 0.86 8.4 
Screws  PA66 1.9 ND 1.5% 0.03 1.93 
Soundproofing PET 39.6 Titan Dioxide 1% 0.3 39.9 

Plaque cover 
EPM 464 Talc 5% 53.4 517.4 
PE foam 18.9   18.9 

LED housing PC 12 ND 1.5% 0.2 12.2 
Lens PMMA 4 ND 0.25% 0.1 4.1 
Catadioptric lampshade PMMA 36.4 ND 2% 0.7 37.1 
Catadioptric housing  PC+ABS 26.8 ND 1% 0.3 27.1 
TOTAL  4175.9  339 4514.9 
 
 PP EPM+Talc PMMA PET PC+ABS PE PC PA66 
Tot (g) 2802.5 1571.2 41.2 39.9 27.1 18.9 12.2 1.93 
% on total plastic wg  62.1 34.8 0.9 0.8 0.6 0.4 0.3 0.1 
 

 

Table 4 – Plastic composition and distribution in dashboard 
Dashboard 

Sub-component Material  g Additive g TOT 

IP Carrier  

PP 1106 GF 60%  1843.2 2949.2 
PVC flexible 511.6 ND 6% 62.1 573.7 
PU foam 604.8 ND 1% 6.1 610.9 
PET fibre 6.6   6.6 

Airbag bracket PP 170.4 GF 36% 284 454.4 
Central defrost PP 480.5 Talc 25% 166.9 647.4 
IP upper defrost cover  EPM 699.8 GF 25% 243 942.8 
Double DIN carrier  PP 257.7 GF 60% 429.5 687.2 
Panel drivers lower EPM 178.2 Talc 15% 32.6 210.8 
Panel passenger lower EPM 144.8 Talc 15% 26.5 171.3 
Light switch support PP 38.4 Talc 25% 13.35 51.75 
Kombi support PP 65.7 GF 60% 65.7 131.4 
Manifold Air Distribution PP 155 Talc 25% 53.8 208.8 
Air canal PE 380.6 ND 1% 2.4 383 
Defrost canal PE 237.6 ND 1% 1.7 239.3 
Gasket PU 1.2 ND 3% 0.03 1.23 
Side defrost EPM 18.2 Talc 15% 3.45 21.65 
TOTAL  5057.1  3234.3 8291.4 
 
 PP+GF PP+Talc EPM+GF PE PU PVC EPM+Talc PET fibre 
Tot (g) 4222.2 907.95 942.8 622.3 612.1 573.7 403.75 6.6 
% on total plastic wg 50.9 10.9 11.4 7.5 7.4 6.9 4.8 0.2 
 

 

 



Table 5 – Plastic composition and distribution in floor covering 
Floor covering 

Sub-component Material  g Additive g TOT 

Floor carpet  
 

SBR 48.6 
GF 65% 105.2 

161.9  
ND  8.1 

PET fibre 1391 ND 1% 14.05 1405.1 
PE powder  161.1 ND 0.5% 0.8 161.9 

Propylat support 
PP fibre 575.5 ND 1% 5.8 581.3 
PET fibre 362.7 ND 1% 3.7 366.4 

Plastic film  PE 57.2   57.2 

Fixing floor carpet  PA66 7.4 
GF 30% 3.2 

10.76 
ND 0.16 

Cover floor carpet PA66 8.1 ND 1% 0.12 8.22 
TOTAL   2611.6  141.3 2752.7 

 
 PET fibre PP fibre PE powder SBR+GF PE  PA66+GF PA66 
Tot (g) 1771.5 581.3 161.9 161.9 57.2 10.8 8.2 
% on total plastic wg 64.3 21.1 5.9 5.9 2.1 0.4 0.3 
 

 

Table 6 – Plastic composition and distribution in rear seats 
Rear seats 

Sub-component Material  g Additive g TOT 
PU foam PU foam 2990.46 ND 1.5% 45.4 3036.1 

Seats cover 

PU foam 63.4 ND 1.5% 1 64.41 
PET fibre 174.1 ND 2.5% 4.6 178.7 
PES fibre 35.96 ND 0.5% 0.2 36.14 
PU 12,77 ND 1.5% 0.2 12.97 
PES fibre 62,01 ND 0.5% 0.3 62.3 
PU 43.3 ND 1.5% 0.7 43.98 
PES fibre 29.4 ND 3% 0.9 30.3 
PU 29.68 ND 5.2% 1.6 31.3 
PU 7.36 ND 1.5% 0.1 7.5 
PET 35.5 ND 4.5% 1.7 37.2 
PU 20.37 ND 3% 0.6 20.97 
PAN fibre 1.01 ND 0.5% 0.05 1.1 
PES fibre 6.77 ND 0.35% 0.02 6.8 
PET fibre 40.18 ND 0.5% 0.02 40.2 
PU 13.3 ND 1.5% 0.2 13.5 
PES  16.77 ND 0.3% 0.04 16.8 
SBR  3.15   3.15 
PU 13.35 ND 1.5% 0.2 13.55 
PES 6.2   6.2 

TOTAL  3605.1  57.95 3663.1 
 

 PU foam PET fiber PES fiber PAN fiber  SBR 
Tot (g) 3244.3 256.1 158.5 1,1 3.15 
% on total plastic wg 88.5 6.9 4.3 0.1 0.2 
 

Then, a score is assigned to each component according to the recyclability table. Results are shown in Table 
7, where details on the presence of each indicator are reported. An average value is also calculated. 
According to this scoring, the best component in terms of recyclability is the rear bumper. More detailed 
comments are reported below. 

 

 

 

 



Table 7 – Results of application of recyclability table 
 Rear bumper Dashboard Floor covering Rear seats 
  Score  Score  Score  Score 
A 7 2/5 8 0/5 7 1/5 5 3/5 
B 11 1/5 14 0/5 5 4/5 2 5/5 

C 

PP has a limited 
compatibility with 

PC+ABS, PA, 
PMMA and PET 

and is not 
compatible with 

EPM and PE 
fiber. 

1.7/5 

PP has a limited 
compatibility with 

PVC and PU. 
PP compatible 

with PE and not 
compatible with 
EPM and PET 

fiber. 

2/5 
PET not 

compatible with 
any polymer 

0/5 
PU foam is not 
compatible with 

any polymer 
0/5 

D 
Talc, TiO2 and not 

declared 
additives. 

4.5/5 
Talc admitted and 
GF not allowed in 
this percentage. 

2.5/5 
GF not 

compatible in this 
percentage 

4.7/5 

Only not declared 
additives in small 
percentage are 

present  

4/5 

E 
PP and EPM not 

compatible 
4/5 

PP only 
compatible with 
PU, PET fiber 

and PVC 

2.5/5 
PET not 

compatible with 
PA66 

4/5 

PP has no 
overlapping 

densities with 
other polymers 

5/5 

F 
TiO2, PU and 
acrylic resin 

1.5/5 No 5/5 PE powder 1/5 Yes 2/5 

G 
Soundproofing 
and cover plate 

4/5 PU basket 3/5 Plastic film 4/5 Yes 2/5 

H 
Limited recycling 

options for 
EPM+GF  

3.75/5 

No options for 
PP+60GF, limited 

options for 
EPM+25GF 

3.1/5 
No closed loop 

recycling options 
0/5 

No closed loop 
recycling options 

0/5 

 Average value 3  2.4  1.9  2.1 
 

3.1.1. Comments  

 Rear bumper. The main polymer is PP, even if EPM is present in a consistent amount. These two 
polymers have overlapping densities, so they should be separated before shredding. This means 
that the diffuser, the mobile guides, the hook cover and the plaque cover should be removed and 
processed separately. PP has a limited compatibility with the other polymers, even if the level of 
impurity in recycling should not exceed 2%. For reducing the impurities, some parts should be 
removed, such as the lens and the catadioptric or the soundproofing. The possibility of dismantling 
the various parts of the bumper depends on the facility of removing the adhesives and the 
mechanical junctions. Coatings are present on the surface of the main PP bumper part in a weight 
percentage of 3.9%; they should be chemically removed before shredding and recycling.  

 Dashboard. The main recyclable polymer is PP filled with GF or talc, followed by EPM with GF. 
Since these two polymers have overlapping densities, they should be separated before shredding. 
Glass fibres content in these percentages hinders the recycling. Even if PP has a limited 
compatibility with low volumes of PVC and PU, the quantities of PVC and PU are in the same order 
of magnitude. Flexible PVC and PU foam are all concentrated in the IP carrier subcomponent and 
they should be separated and recycled separately, as well as PVC and PET fibre contained in the 
airbag hinge. PU of the gasket could be eventually processed with PP, since they represent an 
impurity lower than 2%. 

 Floor covering. This is a component where polymeric materials are mainly used as textiles. The 
main burdens are represented by the scarce compatibility of PET and PP fibres, the poor practice in 
polymer fibres recycling and the presence of PE coatings and films. The main material is PET fibre, 
which is present in the floor carpet and the propylat support. PET is not compatible with PP fibre so 
these materials should be separated. PE powder used for coating should be removed. Moreover, 
SBR and PA filled with these percentages of glass fibres are not compatible for recycling and have 
to be separated and processed separately. Recycling of PET and PP fibres is scarcely diffused, 
even if the process is possible and some technologies are available; however, many times these 
materials are reemployed in secondary application (e.g. filling, insulation). For all these reasons, the 
recoverable volume for this component is pretty low.  
 



 Rear seats  
This is a component where polymeric materials are mainly used as fillers (i.e. foam). The main 
burdens are represented by the absence of closed loop recycling options for PU foam and the 
scarce compatibility in recycling PU with other polymers. The only advantages are the few number of 
polymers and sub-components that facilitates the dismantling and the not overlapping density of PU 
with the other polymers, for an eventually separation after shredding. PU foam can be reused for 
secondary applications of filling, even if closed loop practices for vehicle applications are not 
documented.  
 

3.2 Quantitative indicators 

The methodology described in Section 2.2 is then applied to the four components, analyzing the three 
scenarios. Table 8 reports the results of calculation of the lost and new production EE and the total value 
with an explication for each component. Values of EE are given in MJ.  

Table 8 – Results of calculation of EE for the three scenarios  
 

1st scenario 
No recycling 

2nd scenario 
Recycling only the main 
polymers in closed loop 

3rd scenario 
Recycling the main polymers 

in closed loop and inclusion of 
recycled polymers from open 

loops 
 𝑬𝑬𝒍𝒐𝒔𝒕 𝑬𝑬𝒏𝒆𝒘 𝒑𝒓𝒐𝒅 𝑬𝑬𝒕𝒐𝒕 𝑬𝑬𝒍𝒐𝒔𝒕 𝑬𝑬𝒏𝒆𝒘 𝒑𝒓𝒐𝒅 𝑬𝑬𝒕𝒐𝒕 𝑬𝑬𝒍𝒐𝒔𝒕 𝑬𝑬𝒏𝒆𝒘 𝒑𝒓𝒐𝒅 𝑬𝑬𝒕𝒐𝒕 

Rear 
bumper 

154.5 154.5 309 42.9 54 96.9 42.9 52.1 95 

All the EE of the component is lost, 
and it is necessary the same 

amount of EE for reproducing it 

PP and EPM are recycled in 
closed loop; PP is totally 

recycled since 5% of additives 
are allowed, while recycled 

EPM is included in percentage 
of 20/80 ratio; other polymers 

are reintegrated as new 

PP and EPM are recycled in 
closed loop as in the 2nd 

scenario; PET is included as 
recycled material, so 

their 'first' EE is lost but less 
exergy is required for their new 

production 

Dashboard 

175.7 175.7 351.4 147.2 150 297.2 147.2 57.8 205 

All the EE of the component is lost, 
and it is necessary the same 

amount of EE for reproducing it 

PP and EPM cannot be 
recycled in closed loop with 

these percentage of GF. Talc is 
admitted so PP+talc is totally 

recycled and EPM+talc is 
included in 20/80 ratio. 

PP with GF is included as 
recycled material (only PP part). 
EPM is included as recycled in 
20%. PET and PE are included 

as recycled, but not PU and PVC 

Floor 
covering  

122 122 244 - - - 122 13.3 135.3 

All the EE of the component is lost, 
and it is necessary the same 

amount of EE for reproducing it 

Closed loop recycling is not 
assessed for the main 

polymers (PET fiber); SBR 
cannot be recycled with this 

percentage of GF 

SBR is partially introduced as 
recycled material (20/80 ratio), 

while PET and PP fibers and PE 
are 100% substituted. PA is 

always included as new material 

Rear seats 

152.2 152.2 304.3 - - - 152.2 132.9 285.1 
All the EE of the component is lost, 

and it is necessary the same 
amount of EE for reproducing it 

Closed loop recycling is not 
assessed for the main 
polymers (PU foam) 

PU foam is not reccyled in 
general; only recycled PET/PES 

can be included 
 

A graphical representation of the results is shown in Figure 1, while a comparison between the scenarios is 
presented in Figure 2. The four components have been chosen because they are examples of different 
cases that can occur when recycling vehicle parts. As expected, there is always a saving in performing some 
type of recycling; the amount of saving depends on the polymeric composition. In the rear bumper the 
difference is evident (- 68.6% in the 2nd scenario), since it is composed mainly of PP, which could be 
completely recycled, and of EPM which can be included in multilayer configuration. ncluding PET from 
recycled material in the 3rd scenario leads to a further saving of 2%. The step is less evident for the 
dashboard; here the main polymers, PP and EPM, are present both with talc and GF. Polymers with GF in 
these percentages cannot be recycled for closed loop application, so only the polymers with talc can be 
substituted in the second scenario (-16.8% of EE). PET, PE and the polymeric matrix of PP and EPM with 
GF can be introduced as recycled material in the 3rd scenario, being the saving more evident (-41.6%). The 
floor covering is an example of component made mainly of textile; in this case the majority of fibers are of 
PET and PP. Closed loop fiber recycling is not industrially well assessed, so the second scenario is not 
analyzed. On the other hand, recycling from plastic to fiber is very common, so recycled fibers can be 100% 



substituted leading to a saving in 44.5% in the exergy of new production. Finally, rear seats are an example 
of component made of filler material (i.e. foam) and fibers. Since PU foam is generally not recycled, 2nd 
scenario is not analyzed; in the 3rd scenario PU is included as new polymer, so that the savings are not so 
consistent (-6.3%).  

 

 

Figure 1 – EE values for the four components in the three scenarios 

 

 
Figure 2 – Comparison between the total EE for the three scenarios 

 

 

 

 

 



4. Conclusions 
 

The aim of the present work was to assessing methodologies for evaluating the recyclability of polymers in 
vehicles, including all the factors that influence the process and giving an order of magnitude of the exergy 
cost associated to recycling of EoL vehicle components. In order to do that, a first qualitative analysis is 
developed for assessing all the recyclability crucial factors, followed by a translation of some of them into 
exergy terms. In order to do so, first, based on the critical factors, an arbitrary scale has been developed to 
translate the qualitative indicators into a numerical score that can be useful to compare different polymeric 
vehicle components. Then, some of these indicators have been translated using exergy and the values of 
total EE have been calculated for three recycling scenarios. Results show that, according to the scoring, the 
best component in terms of recyclability is the rear bumper, due to the high percentage of PP with no 
additives, while the worst is the floor covering, mainly due to the absence of recycling process for PET fibers. 
The analysis of the recycling scenarios underlines that savings between 1st and 2nd scenarios are more 
evident for the rear bumper and floor covering.  
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Abstract: 

 
The use of nanomaterials in water treatment is an alternative for the development of new materials that 
optimize the purification process. Heterogeneous photocatalysis is used for the treatment of wastewaters 
contaminated with recalcitrant pollutants that cannot be removed in conventionally. Ag3PO4 has been reported 
to use visible light. Another important challenge of heterogeneous photocatalysis is to find a proper support 
for the photocatalysts to reduce the expense associated with the separation and reuse of these materials. 
However, the immobilization of the catalyst leads to lower reaction rates because the surface area exposed 
decreases and the material used as support can also interfere. In the last years, the use of magnetic materials 
to support photocatalysts has attracted special attention because it allows high surface areas to be exposed. 
Only few authors have reported the use of Ag3PO4/magnetic nanocomposites for photocatalysis and these 
need to be continued to improve their efficiency. In this work we synthesized Ag3PO4 and supported it on 
Fe3O4. 
Fe3O4 was synthesis at pH 12 by the addition of FeCl3 and FeCl2. The magnetic material was washed with 
water and dried at 80ºC. Ag3PO4 was synthesised over Fe3O4 from the reaction between AgNO3 and Na2HPO4. 
The final material was washed, recovered magnetically and dried at 80ºC. For characterization, a SEM  and 
XRD studies were carried out. 
Ag3PO4 was synthesised and satisfactorily supported over Fe3O4/γ-Fe2O3. The photodegradation of 10 mg·L-
1 of methylene blue was achieved, although the apparent reaction rate constant was slightly lower for the 
magnetic composite than for the Ag3PO4 alone. This is explained because the composite contained 48% of 
the active Ag3PO4 material, as depicted form DRX studies. 

Keywords: 

Photocataysis, wastewater treatment, magnetic nanomaterials,  
 
 

1. Introduction 
 
Water is a scarce resource and for many countries supply is not enough to satisfy demand. Water resources 
location and their quality are factors that limit their availability. This problem is further complicated by climate 
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change, rapid industrialization, population growth and pollution of existing water resources [1]. To solve this 
question different solutions are proposed which include repairing water distribution infrastructures and 
conservation of existing water sources. However, these options can not increase resources. Supply water can 
only be increased beyond hydrological cycle by desalination and water reuse. For this, a series of conventional 
water treatment technologies are used which include among others: ultraviolet radiation, chemical treatments, 
distillation and membrane processes (reverse osmosis, ultrafiltration, microfiltration, electrodialysis...), but all 
of them show specific disadvantages [2]. 
 
The continuous deterioration of the environment is a problem with greater relevance every day, and that 
requires short-term solutions. Most of the harmful contaminants found are anthropogenic compounds that have 
low biodegradability and therefore cannot be eliminated by conventional treatments. This is the case of the so-
called emerging pollutants, which are found in low concentrations in the environment; these have the potential 
to carry an ecological impact, as well as adverse effects on health [3]. These contaminants include: drugs, 
additives, pesticides and a wide variety of compounds that, even at low concentrations, can alter endocrine 
functions [4] and increase the presence of resistant bacteria [5]. 
 
Elimination and control of these substances in aqueous media is complex due to their presence in large bodies 
of water. In recent years, emerging contaminants have been found in practically all the bodies of water studied. 
In Spain, among others, more than 30 emerging contaminants have been found in groundwater [6], 100 in 
wastewater treatment plants [7], more than 100 in wastewater already treated in conventional treatment plants 
[8], several in aquaculture areas [9] and 144 in river water fish [10]. 
 
Due to the nature of these contaminants, most have proven to be poorly biodegradable, and cannot be 
eliminated by conventional purification systems and therefore require advanced oxidation processes for their 
treatment [11]. Advanced oxidation processes are part of the tertiary treatment of purified water and seek to 
eliminate compounds that are difficult to biodegrade and reduce microbiological contamination, often with the 
aim of reusing the water. Among the most common tertiary processes we find ozonation, photocatalysis or 
membrane filtration, among others. 
 
Based on this situation and nanotechnology development, nanomaterials use for water treatment is an 
alternative that allows solving drawbacks of methods traditionally used. Due to their new properties 
nanomaterials can contribute in obtaining stronger, lighter, cleaner and smarter surfaces and systems [12]. 
They have many applications ranging from automotive and aircraft (for example, reinforced and lighter 
materials, antifouling paints or more durable pneumatic) to biomedicine (drug released as specific organs, 
biosensors or prosthesis). 
 
In water treatment, nanotechnology is finding applications through different routes [13] such as the use of large 
surface area of nanoparticles to adsorb contaminants (they allow retaining a higher rate of contaminants than 
conventional adsorbent), the use of membranes with nanomaterials (several studies have fixed nanomaterials 
to different polymer membranes and have obtained a greater water flow than conventional membranes) and 
the use of catalytic nanoparticles to decompose contaminants (nanomaterials have a higher photoactivity than 
conventional catalysts). Nanomaterials such as silver nanoparticles [14], TiO2 nanoparticles and carbon 
nanotubes [15] have bactericidal effects that make it possible to eliminate microorganisms present in water. 
They also have better adsorption capacities than conventional adsorbents for low concentrations of heavy 
metals: porous carbon nanomaterials have been used efficiently for lead, cadmium, nickel and zinc elimination 
[16]. Another application is oils and organic solvents treatment: SiO2 nanoparticles fixed to a polysulfone 
membrane improve antifouling properties and increase permeability from 1.08 to 17.32 l/m2·h [17]. On the 
other hand, boron nitride nano-slides have been shown to adsorb up to 33 times their own weight in oils and 
organic solvents while repelling water [18]. The use of nanomaterials has also been evaluated for emerging 
contaminants in water treatment: a combination of titanium dioxide nanotubes on a graphene base eliminates, 
with the help of the sun, traces of drugs and pesticides that escape from the current purification systems. 
 
Of all the mentioned water treatment processes, we will focus on the use of nanomaterials in heterogeneous 
photocatalysis.Heterogeneous photocatalysis is used for the treatment of wastewaters contaminated with 
recalcitrant pollutants that cannot be removed in conventionally. One of the main drawbacks is that most 
photocatalysts need to be illuminated with wavelengths shorter than 388 nm [19]. Ag3PO4 has been reported 
to use visible light [20]. Another important challenge of heterogeneous photocatalysis is to find a proper support 
for the photocatalysts to reduce the expense associated with the separation and reuse of these materials. 
However, the immobilization of the catalyst leads to lower reaction rates because the surface area exposed 
decreases and the material used as support can also interfere [21]. In the last years, the use of magnetic 
materials to support photocatalysts has attracted special attention because it allows high surface areas to be 



exposed. Only few authors have reported the use of AgPO4/magnetic nanocomposites for photocatalysis [20], 
[22], [23] and these need to be continued to improve their efficiency.  
 
In this work we synthesized Ag3PO4 and supported it on Fe3O4, performing the characterization of the 
synthesized material 
 

2. Bibliometric Analysis 
 
Bibliometric analysis is defined as a statistical evaluation of published scientific documents that enables the 
measure of the influence of publication in the scientific community. 
The data obtained from the bibliometric analysis of the terms "silver nanoparticles" and water treatment are 
presented below. The scientific database used to search for the terms was Scopus (search conducted on May 
23, 2021), and the software used to analyze the results was VOS Viewer®. 
A growing trend is observed in the number of documents published as of 2008, with the number of documents 
published up to that date being less than 200. Regarding the countries with the most publications on this 
subject, Spain is in position number 10 , with 265 publications. Regarding the research groups or institutions 
with the greatest scientific production in the field, the first Spanish institution is found in position 23, this being 
the Higher Council for Scientific Research (CSIC). 
However, if we add the term “emerging pollutants” to the previous search, the number of documents is reduced 
to 454 (from the year 2000 to the present). Thus, up to the year 2010, only 6 references were found in Scopus 
related to the study of silver nanoparticles for the treatment of emerging contaminants in water. As of that year, 
the number of documents begins to increase, finding in 2020, 90 documents published on this subject. In this 
regard, Spain is the fourth country with the most documents (27 documents in total). 
  
Figure 1 shows the bibliometric network obtained from the keywords found in the documents resulting from 
the search. It is observed that the most commonly used materials for the application of silver nanoparticles are 
membranes (95 occurrences), graphene oxide (192 occurrences), titanium dioxide (327 occurrences) or 
magnetite (122 occurrences). Regarding the final application of these materials, we mainly found keywords 
related to disinfection processes (E. coli, antibacterial activity, etc.), although words related to emerging 
contaminants (antibiotics, tetracycline) and dyes (blue of methylene, dyes). 
 

 
Figure 1. Bibliometric analysis of the terms “silver nanoparticles” and “water treatment”. 

3. Experimental 
 
3.1. Sample preparation 

 
Fe3O4 nanoparticles were synthesized using a solvothermal method [24], Fe3O4 was synthesis at pH 12 by the 
addition of FeCl3 and FeCl2. The magnetic material was washed with water and dried at 80ºC. 



The synthesized Fe3O4 nanoparticles were then dispersed in distilled water, and added to the NaH2PO4 
solution (0,15M, pH = 4.12). And then, AgNO3 aqueous solution (0.15 M) was added with drop by drop to the 
above solution under continuous mechanical vibration, and then the solution was maintained at room 
temperature and under continuous mechanical vibration for 4 h. The magnetic material was dried at 200ºC. 
The as-prepared Fe3O4@ Ag3PO4 nanoparticles were separated by an external magnetic field, The final 
material was washed with water to remove excess phosphate ions. The obtained Fe3O4@Ag3PO4 was 
separated by an external magnetic field, then dried for 6 h at 80 °C. 
 
3.2. Analysis 

 
Powder X-ray diffraction (XRD) measurements were obtained  on an X-ray diffractometer PANalytical 
Empyrean diffractometer (Cu Kα1, λ = 1.5406 Å). Crystallite sizes were estimated using the Scherrer 
equationand the fractions of the different phases were obtained from analysis with Match! 3® software. 
UV-vis diffuse reflectance spectra (DRS) was measured using a Varian Cary E5 spectrophotometer in the 
range 200 – 2000 nm. 
SEM microscopic observation allowed the visualization of the ground material surface morphology. For 
scanning electron microscopy (SEM) measurements a Sigma 300 VP FESEM Zeiss instrument was used. It 
was equipped with energy dispersive X-ray spectroscopy (EDX). 
 
 
3.3. Degradation experiment 

 
The photocatalytic activities of the samples were evaluated by degradation of MB under a simulated solar lam. 
A 60 W Hapro Solarium HB175 equipped with four 15 W Philips CLEO fluorescent tubes with emission 
spectrum   from   300  to  400  nm (maximum  around  365 nm) and  with  an  average  irradiation  of  about 
90 W·m-2 was used.. A photocatalyst (0.1 g) was added to an aqueous solution of MB (100 mL, 10mgL−1) at 
room temperature in air. The suspension was magnetically stirred for 30 min in the dark to establish an 
adsorption desorption equilibrium to eliminate the influence of adsorption. A lamp was switched on to initiate 
the reaction. During irradiation, samples were taken at different time intervals for 180 min or until complete 
degradation was observed. Samples were centrifuged and then the decolorization of MB was measured with 
a UV–vis spectrophotometer (Cary 60, Varian, USA). To investigate the stability and recyclability of the as-
prepared composite magnetic photocatalysts (Fe3O4@Ag3PO4), recycling experiments were also performed. 
In the recycling experiments, after the photocatalysts were separated from the solution by an external magnetic 
field, the remaining solution was removed. Separated photocatalysts were washed five times with distilled 
water, and then used in the next degradation experiment 
 

4. RESULTS AND DISCUSSION 
 
4.1 Characterization 

 
XRD was used to investigate the phase structures of the samples. Fig. 2. shows typical XRD patterns of the 
samples at various stages. Fig. 2 shows the XRD pattern of Fe3O4 nanoparticles, Fig. 2B shows the XRD 
pattern of Ag3PO4. The successful coating and subsequent crystallization of Ag3PO4 and Fe3O4 were also 
confirmed (Fig. 2C). 
 

 

 

(a)                                                   (b)                                                 (c) 

  

Figure 2. XRD patterns of the samples: (a) Fe3O4 spheres, (b) Ag3PO4, (c) Ag3PO4/Fe3O4/γ-Fe2O3 



 
 

For the Ag3PO4 material alone, DRX studies revealed that 100% Ag3PO4 was present. For the magnetic 
composite, the phases found in DRX studies were Ag3PO4 (47,8%), magnetite, Fe3O4 (42,6%) and maghemite, 
γ-Fe2O3 (9,5%). Although we initially synthesized Fe3O4, it is known that this structure can oxidize to γ-Fe2O3, 
also magnetic, even at ambient temperature. The size of the crystals obtained from Ag3PO4 is 54 nm and in 
the case of Fe3O4 and γ-Fe2O3 crystals it is 18 nm. 
 
Thus, the maghemite crystalline phase (γ‐Fe2O3) can be intuited in the diffractograms of the catalysts 
synthesized by calcination in a nitrogen atmosphere. The formation of maghemite can occur as a consequence 
of the oxidation of magnetite particles, according to equation 1 [25]. This process can occur at room 
temperature [26], although it usually occurs more favorably in an oxidizing environment above 200 ºC, with the 
optimum temperature for maghemite formation being between 375-400 ºC [27]. 

 

2 Fe3O4 + ½ O2 → 3 γ‐Fe2O3   (1) 

  
The SEM image of the Ag3PO4/Fe3O4/γ-Fe2O3 composite is shown in Fig. 3. 
 
 
 
 
 
 
 
 
 
 
 

 

                 (a)                                                                       (b)                                                  

Figure 3. SEM Images of: (a) Ag3PO4 (b) Ag3PO4/Fe3O4/γ-Fe2O3 

 
It is observed that there is a coating of silver phosphate on the ferromagnetite. Table 1 shows the elemental 
composition of Fe3O4@Ag3PO4 synthesized material. 
 

Table 1.  Composition of Fe3O4@Ag3PO4 
 

Element  Weight % Atomic % Error % 

O K  38.97 71.81 11.71 

P K  9.23 8.78 7.67 

Fe K  20.63 10.89 7.56 

Ag L  31.17 8.52 6.87 

 
 
UV–vis absorption spectra of the studied catalysts are depicted in Fig. 4. Pure Ag3PO4 absorbs solar energy 
with a wavelength shorter than approximately 500 nm. In contrast to pure Ag3PO4, the absorption edge of 
Fe3O4@Ag3PO4 and Fe3O4  generates red shift, Fe3O4@Ag3PO4 and Fe3O4 also exhibit higher absorption in 
the visible region than the pure Ag3PO4. 
 



 
Figure 4. UV–Vis absorption spectra of: (A) pure Ag3PO4, (B) pure Fe3O4 and  (C) Ag3PO4/Fe3O4/γ-Fe2O3  

 
The hysteresis curves of the magnetic materials are shown in Fig. 5. We observe that the magnetization 
saturation is 43 emu·g-1 for Fe3O4 and 15 emu·g-1 for Ag3PO4/Fe3O4/γ-Fe2O3. 

 
 

Figure 5. Hysteresis curves of: (A) Fe3O4 and (B) Ag3PO4/Fe3O4/γ-Fe2O3  

 
 

4.2  Degradation Experiment 

 
The photocatalytic degradation of MB by Fe3O4@Ag3PO4 under simulated solar irradiation at room 
temperature was investigated (Fig. 5). For comparison, the Fe3O4 and Ag3PO4 photocatalyst was also 
investigated. About 48% of MB was removed by Fe3O4@Ag3PO4 after 180 min irradiation. In contrast, pure 
Ag3PO4 exhibited the highest photocatalytic activity of the catalysts, about 96% of MB within 180 min under 
simulated solar irradiation.  
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Figure 5. Photocatalytic degradation of MB over Fe3O4 spheres, pure Ag3PO4 and Fe3O4@Ag3PO4 

 
The apparent fist-order reaction rate constant for the degradation of methylene blue was 0.0077 min-1 for 
Ag3PO4 and 0.0034 min-1 for Ag3PO4/Fe3O4/γ-Fe2O3. No photolysis was observed under the studied conditions. 
 
 
4.3 Separation and reuse 

 
The recyclability of the magnetic photocatalysts was investigated. The Fe3O4@Ag3PO4 photocatalysts can be 
rapidly separated under an applied magnetic field in 20 s. 
Fig. 6 shows the recyclability of the Fe3O4@Ag3PO4 for photocatalytic degradation of MB. The degradation 
activity of Fe3O4@Ag3PO4 decreased sharply only after 1 cycle.The decoloration efficiency decreased to about 
32%, 25%, 19% and 14% for the 2nd, 3rd,4th and 5th degradation cycles, respectively. 
 

 
Figure 6. Recyclability of the Fe3O4@Ag3PO4 

 
Efficiency decreases with reuse, it can be observed that the catalyst darkens due to the photocorrosion of 
silver by irradiation. This occurs because silver phosphate is slightly soluble in water, and silver ions can react 
with the generated photoelectrons reducing to elemental silver [28]. 
 

5. Conclusions 
 
Ag3PO4   was   synthesised   and   satisfactorily  supported  over Fe3O4/γ-Fe2O3. The  photodegradation  of  
10 mg·L-1 of methylene blue was achieved, although the apparent reaction rate constant was slightly lower for 
the magnetic composite than for the Ag3PO4 alone. This is explained because the composite contained 47.8% 
of the active Ag3PO4 material, as depicted form DRX studies. 
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Abstract: 

Membrane technologies are currently one of the promising strategies to face the continuously increasing 
CO2 accumulation in the atmosphere and the associated environmental impact. They have become an 
alternative for separating and absorbing CO2 due to their low cost and relatively more straightforward 
preparation. Polysulfone (PSf) is one of the most common polymers for its commercial availability, 
processing, and favourable selectivity-permeability characteristics. PSf were blended with a commercial 
hyperbranched polyethyleneimine Lupasol, modified with benzoyl chloride or phenyl isocyanate with several 
percentages to improve their performance in terms of direct CO2 capture. All the membranes were prepared 
by phase inversion precipitation. The morphology, thermal properties, molecular motion, and conductivity 
were analyzed. The blended membranes show differences in the microstructure, and the presence of urea 
and amide groups promoted a considerable increment in the efficiency of the CO2 capture process compared 
to the neat membrane due to the enhancement in hydrophilicity and chemical stability. In composite 
membranes, the absorption capacity is controlled by the conductivity, chemical affinity to CO2, and 
morphology of the membranes. The phenyl isocyanate improves the motions of hyperbranched 
polyethyleneimine in blended membranes facilitating CO2 direct air capture. 

Keywords: 
CO2 air absorption, Asymmetric Polysulfone/hyperbranched polyethyleneimine membranes, morphological, 
thermal, dielectric, and conductivity analysis. 

1. Introduction
Since the beginning of the 21st century, global Greenhouse gas (GHG) emissions have been increasing. 
GHG traps heat and makes the planet warmer. Human activities such as burning fossil fuels for electricity, 
heat, and transportation are responsible for almost all of the increase in GHG in the atmosphere over the last 
150 years. The Emission Database for Global Atmospheric Research indicated that in only two decades, the 
global emissions from carbon dioxide have been increasing, rising by approximately 50% of emissions to the 
atmosphere. If carbon dioxide emissions are not drastically reduced, the increase in temperature is 
accelerating and is projected to be at the 1.5 °C level within 15 to 20 years. The United Nations International 
Panel on Climate Change (IPCC) indicated that exceeding a 1.5 °C temperature increase will be catastrophic 
with consequences of unprecedented flooding, drought, rising sea level, heat waves, and famine [1-2].   

There is no single solution to remove carbon dioxide from the air and reduce GHG; no technology is enough 
to avoid the effects of climate change. Between them, capturing and storing carbon dioxide and its 
subsequent use may be a possible solution. Nevertheless, this implies that the carbon dioxide must first be 
captured at atmospheric pressure and stored efficiently.  

An interesting technology is a membrane separation-based CO2 capture system. It uses permeable and 
semipermeable materials that selectively transport and separate CO2 from other components in the gas 

PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 
EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN



stream. This separation process is efficient because it does not involve a phase change, leading to low 
energy consumption. Other advantages over other capture technologies are their compact design and 
simplicity since adding chemical agents is unnecessary. However, this method also presents disadvantages; 
it must resist impurities and harden ageing. Recently, a new hybrid technique has been developed; it 
combines membrane separation and solvent absorption processes with an effective CO2 absorption in a 
contactor device. It is also a tiny modular system that can be easily assembled and integrated into other 
devices [3-6]. 
 
Currently, amines are the most efficient and cost-effective materials for carbon dioxide capture. It is 
commonly mentioned that primary amines are more reactive toward CO2. However, the basicity of amines is 
the most critical factor affecting CO2 capture performance due to the acid/base reaction between CO2 and 
amines. Therefore, capturing CO2 using solid polymeric adsorbents, such as polyamines, is a promising 
alternative to avoid the problems associated with aqueous amine adsorbents. Amines and aminic 
compounds have found wide applications as CO2-removing agents due to the reversible reaction between 
aminic groups (basic) and CO2 (acidic). Other commercial options are used Polysulfone (PSf) as basic 
material because have remarkable hydrolytic stability that sets them apart from other thermoplastics. In 
addition, it is a high-performance thermoplastic polymer with excellent physical properties at high 
temperatures. Their characteristics are rigidity, excellent thermal, mechanical, and oxidation resistance, and 
a high glass transition temperature [6]. 
 
This paper aims to increase the performance of Polysulfone membrane contactors by blending comercial 
PSf with a commercial, hyperbranched polyethylene imine, specifically. Lupasol G20 is a water-soluble 
polymer; this could prevent membrane preparation from a water coagulation bath as previously described for 
neat PSf and membrane stability in contact with the storing aqueous. The presence of the basic nitrogen 
atoms should increase the membrane affinity for carbon dioxide, thus improving its capture and permeability 
concerning PSf. On the other hand, hyperbranched polyethyleneimine Lupasol G20 is, modified with benzoyl 
chloride or phenyl isocyanate to enhance the molecular motion and facilitated CO2 direct air capture. 
Broadband dielectric spectroscopy (BDS), through the analysis of the molecular motions and the dielectric 
conductivity, is a suitable technique to determine the reorientation of the permanent dipoles present on the 
side chains and on the backbone of polymeric materials, which might provide insights into the mobility of the 
CO2 in the membranes and tuning the suitable composition of benzoyl chloride or phenyl isocyanate in the 
blend. 
 

2. Materials and Methods 
2.1. Materials and membrane preparation 
The used materials are: 
Polysulfone (PSf), with a molecular weight of 35,000 Da, was purchased from Sigma-Aldrich. 
Lupasol G20, provided by BASF, has a molecular weight of 1300 Da.  
Additive 1 is a chemically modifying Lupasol G20 with benzoyl chloride.  
Additive 2 is Lupasol G20 chemically modified with phenyl isocyanate. 
A phase inversion process at ambient conditions prepared all polysulfone-based membranes. 1-Methyl-2-
pyrrolidone (NMP), purchased from Sigma-Aldrich, was used to dissolve 20 g of PSf/G20 mixture (1 and 
2,distinctly) so that the total polymer concentration was set at 20% by weight concerning the total weight of 
the polymer solution. The polymer mixtures were stirred for 48 h. The polymer solutions were then cast on 
glass support using a 250 µm thick caster blade. Immediately afterward, they were placed in a coagulation 
bath containing non-solvent water, where the membranes were precipitated by the exchange between the 
solvent (NMP) and the non-solvent. The resulting flat membranes were removed from the coagulation bath, 
washed with distilled water, and air-dried overnight [7]. 
In this way, five different membranes were prepared, one of pure Polysulfone M0, two membranes with 2% 
and 10% of additive 1 (M1-2%; M1-10%), and two membranes with 2% and 10% of additive 2 (M2-2%; M2-
10%). 
 
2.2. Field Emission Scanning Electron Microscopy (FE-SEM)   
The surface of the prepared membranes was evaluated through Field Emission Scanning Electron 
Microscopy (FE-SEM). The membranes, previously vacuum dried, was platinum sputter-coated for 10 s 
using a Leica EM MED020 coater. Surface electronic micrographs were taken in a Zeiss Ultra 55 at 295 K 
with a 1 kV voltage. 
 



2.3. Differential scanning calorimetry (DSC) 
The surface of the prepared membranes was evaluated through Field Emission Scanning Electron 
Microscopy (FE-SEM). The membranes, previously vacuum dried, was platinum sputter-coated for 10 s 
using a Leica EM MED020 coater. Surface electronic micrographs were taken in a Zeiss Ultra 55 at 295 K 
with a 1 kV voltage. 
 
2.4. Broadband Dielectric Spectroscopy (BDS) 
The impedance measurements were conducted using a Novocontrol Broadband Dielectric Impedance 
Spectrometer (BDS) connected to a Novocontrol Alfa-A Frequency Response Analyzer. All the 
measurements were obtained under isothermal conditions by increasing in steps by 10 K. The sample 
electrode assembly (SEA) consisted of two stainless steel electrodes filled with the sample and was directly 
placed in the cell.  
 
The dielectric spectra were analyzed in terms of the complex permittivity (e*) using as many Havriliak 
Negami (HN) functions as needed. All the characteristic parameters of each relaxation process were 
determined as shown in Equation 1: 
 

𝜀𝜀∗ =  𝜀𝜀∞ + 
∆𝜀𝜀

(1 + (𝑖𝑖𝑖𝑖𝑖𝑖)𝑎𝑎)𝑏𝑏
                                                                                                                                                          (𝐸𝐸𝐸𝐸. 1) 

 
Where: 
τ is the Havriliak-Negami relaxation time. The a and b parameters correspond to the width and asymmetry of 
the relaxation peak. Δε is the value of the relaxation strength [8-10]. 
 
The conductivity response to an applied electric field of a polymer consists mainly of frequency-dependent 
and frequency-independent components. The former is ascribed to the DC conductivity and shows a 
frequency independent plateau. In contrast, the latter is attributed to the AC conductivity and is characterized 
by a high dispersion at higher frequencies. This behaviour can be modelled by the universal dynamic 
response model, as shown in Equation 2. 
 
𝜎𝜎(𝑖𝑖) =  𝜎𝜎𝐷𝐷𝐷𝐷 + 𝐴𝐴𝑖𝑖𝑛𝑛                                                                                                                                                                      (𝐸𝐸𝐸𝐸. 2)  
 
 

3. Results and Discussion 
3.1. Morphology 
 
The surface of the samples was analyzed at a microscopic level. Table 1 displays these results. All the 
membranes present a smooth appearance, with minor roughness marks that could be due to the phase 
inversion process. The membrane M1-2% shows an active layer with small holes. The back layer of the pure 
membrane without additive, M0, and the M2-2% membrane, the surface is practically smooth, without any 
defects. However, the M2-10% membrane presents minor flaws. In contrast, tiny pores are observed along 
all or part of the surface in membranes with additive 1, M1-2%, and M2-2%. 
 
The cross-section shows that the pure membrane without additive, M0, presents a channel-shaped structure 
on a porous and dense matrix. In contrast, the channel-shaped structure disappears in the M1-2%  
membrane, only observing that porous matrix. On the other hand, by increasing the amount of modified 
Lupasol additive, the morphology of the membrane changes, with the M1-10% membrane showing an 
evident spongy layer with a much denser layer.  
 
Therefore, it can be affirmed that the morphology of the membrane becomes denser with a higher content of  
additive 1. The precipitation rate during the phase inversion process predominantly affects the membrane 
morphology. 
 
  



Table 1. 
Superficial morphology of blended polysulfone membranes 

 
 
Rapid precipitation is determined by the rapid penetration of the non-solvent into the polymer solution and 
gives rise to highly asymmetric structures with channel-shaped macrovoids; a slower penetration of the 
coagulant, and consequently slower precipitation, produce spongy and more symmetrical structures. Thus, 
the more closely related the polymer and coagulant are, the slower the precipitation and the more 
symmetrical structures can be expected. The modified Lupasol additive is a relatively hydrophilic and polar 
polymer; when mixed with PSf, it decreases the polymer solution's precipitation rate [ 7]. 
 
Regarding the samples with additive 2, it can be observed that the M2-2% membrane presents a 
morphology very similar to the pure sample, M0, with a structure of finger-shaped channels and a dense 
porous layer. By increasing the additive content, M2-10%, it can be seen that the porous matrix disappears, 
leaving only the finger-shaped structure for the pores. The number of microvoids remains the same as the 
modified Lupasol content increases. The membrane's rapid precipitation can explain the pores' internal 



structure during phase inversion. This internal structure is due to the rapid penetration of water, as a non-
solvent, into the solvent-containing polymer solution.  

Consequently, the morphology of the membrane is an asymmetric structure with finger-shaped pores. Since 
modified M2-10% is a hydrophilic polymer, it should contribute to faster precipitation of PSf-based 
membranes and leads to a more porous structure, which may enhance CO2 absorption. Nevertheless, the 
additive structure and composition favour the interaction and absorption of CO2.  

3.2. Thermal properties 
Table 2 presents the glass transition temperatures obtained from the corresponding thermogram in the 
different heating and cooling scans.  

Table 2. 
Glass transition temperature values of membranes (M0, M1-2%, M1-10%, M2-2%, and M2-10%). 

1st Heating Cooling 2nd Heating 
Tg (K) Tg (K) Tg (K) 

M0 475 452 474 
M1-2% 469 437 465 
M1-10% 473 446 469 
M2-2% 471 444 469 
M2-10% 476 447 475 

The first heat shows the material with this thermal history. The cooling step imposes a standard thermal trace 
on the material, so the second heat makes it possible to compare the materials directly. Table 2 shows that 
glass transition values in the second heating are lower than in the first heating and more uniform among 
themselves. Considering the DSC curves corresponding to the second heating cycle, it can be observed that 
the glass transition temperature of the pure membrane without additives, M0, is higher than blended 
membranes. However, the glass transition temperature increases again as the additive increases. In both 
cases, the additives have a. Nevertheless, the hyperbranched polyethyleneimine might block the movement 
of the main chain and reduce the plasticizing effect. 

3.3. Analysis of the dielectric spectra 

The dielectric relaxation spectrum of each of the membranes (M0, M1-2%, M1-10%, M2-2%, and M2-10%) 
was studied in terms of loss tangent (tan d), the real and imaginary part of the complex dielectric permittivity 
(e'), (e'') respectively as a function of frequency and temperature. Figure 1 shows the values of (e ') increase 
when the temperature increases and the frequency decreases in all the membranes. However, the dielectric 
spectrum is more complex in the blended membranes due to the motions of hyperbranched 
polyethyleneimine together with polysulfone chains. It is especially relevant for lower frequencies because 
the relaxation of both components is more separated.   

Figure 2 presents the isothermal dielectric relaxation spectrum in terms of the loss tangent as a function of 
frequency. Since all isothermal curves are represented on the same scale, the M0 membrane without 
additive shows higher loss tangent values than M1-2%, M1-10%, and M2-2% additive membranes. 
Specifically, the loss tangent values are very similar at low temperatures for all the membranes studied. In 
contrast, the isothermal curves that present the most similar behaviour at high temperatures correspond to 
the membranes M0, M1-2%, and M1-10%.   



 
Figure 1. Isothermal curves in terms of the real part (ε’) of the complex dielectric permittivity (ε*) for the 
membranes (M0, M1-2%, M1-10%, M2-2%, and M2-10%). 
 
  



 
Figure 2. Isothermal curves in terms of the loss tangent (tan δ) for the membranes (M0, M1-2%, M1-10%, 
M2-2%, and M2-10). 
 
  



Figure 3. Isochronal curves of the imaginary part (ε’’) of the complex permittivity (ε*) of the pure (M0) and 
blended membranes (M1-2%, M1-10%, M2-2%, M2-10%) at 10 Hz.  

Figure 3 presents the dielectric spectrum of the M0 no blended membrane in terms of the imaginary part of 
the complex permittivity at 10 Hz. Three dielectric relaxation zones γ, ß, and a, with increasing temperature 
order, are observed to consist of three dielectric relaxations that might be ascribed to motions of local groups 
and the glass transition of polysulfone (PSf). However, the dielectric spectra of the blended membranes are 
more complex. Dielectric relaxations corresponding to molecular motions of local and segmental origin of the 
hyperbranched polyethyleneimine (HPEI) emerge together with the (γ, ßPSf, and αPSf) dielectric relaxations 
(transition of polysulfone PSf. The loss factor is higher for the M2-2% and M2-10% membranes than M0, 
indicating greater mobility of the molecular chains of the mixed membranes.   

In order increasing temperature, γ relaxation zone appears between 125K and 223K, and it seems that the 
loss tangent is independent of the additive concentration in M2-2% and 10%. At higher temperatures, 
between 393K and 523K, the most prominent relaxations, αPEI, and αPSf arise from the motion of the main 
chains produced by the glass transition of PSU and PEI, respectively. The temperature of αPSf relaxation 
peak around 483K slightly decreases with the additive concentration, whereas the most remarkable 
differences appear in the αPEI relaxation. These results confirm the plasticizing effect of hyperbranched 
polyethyleneimine modified with benzoyl chloride or phenyl isocyanate. The additive imposes fewer steric 
restrictions on molecular movement. Still, it simultaneously increases the number of chains that can move by 
plasticizing effect, therefore facilitating the ability of the membrane to diffuse CO2. 

3.4. Analysis of the dielectric spectra 

Jonscher’s model (Equation 2) quantified the electric conductivity. Table 3 presents the electrical modulus of 
conductivity, which increases as the temperature increases. Regarding M0, the n-parameter in both regions 
is equal to 1 and, therefore, is considered the ideal case where long-range pathways for ion transfer are 
available. Concerning the blended membranes, a more significant dispersion is found regarding the n-
parameter.  

M1-2% displays the lowest values that are not equal or less than 0.5, which would suggest a high degree of 
tortuosity, but it reflects that the landscape for ion transfer might not be as favourable as in the case of M1-
10%, M2-2%, and M2-10%. 

The membranes with phenyl isocyanate additive have the highest values. Note that in this region, the 
conductivity is higher for the membranes blended with phenyl isocyanate are more polar than benzoyl 
chloride.  



Table 3. 
Jonscher’s parameters of the pure (M0) and the blended (M1-2%, M1-10%, M2-2%, M2-10%). 

T σDC x 1015 
A · 1013 n R2 (K) (S·cm-1)

M0% 
443 1.7 x 101 6.9 x 101 1 0.99 
463 1.6 x 102 4.3 x 101 1 0.99 
503 2.9 x 105 3.8 x 101 1 0.99 
513 1.5 x 106 3.2 x 101 1 0.99 

M1-2% 
373 4.4 x 101 1.5 x 102 0.86 0.99 
393 2.8 x 102 1.7 x 102 0.86 0.99 
503 1.1 x 107 6.6 x 103 0.83 0.99 
513 1.8 x 107 2.3 x 103 0.89 0.99 

M1-10% 
373 3.3 x 103 1.3 x 101 0.95 0.99 
393 1.3 x 104 1.7 x 101 0.95 0.99 
503 2.5 x 107 1.2 x 104 0.83 0.99 
513 5.8 x 107 5.4 x 103 0.89 0.99 

M2-2% 
373 1.1 x 103 4.5 x 101 0.96 0.99 
393 1.3 x 104 4.9 x 101 0.96 0.99 
503 4.3 x 106 1.0 x 103 0.94 0.99 
513 8.0 x 106 1.3 x 103 0.93 0.99 

M2-10% 

373 5.2 x 104 4.9 x 101 0.96 0.99 
393 3.9 x 105 6.2 x 101 0.95 0.99 
503 6.0 x 106 1.1 x 103 0.94 0.99 
513 1.4 x 107 1.1 x 103 0.94 0.99 

The dielectric relaxation spectrum demonstrated that the molecular chain motions of blended membranes 
are higher than polysulphone membranes. The additive has a plasticizing effect and decreases the glass 
transition, but this temperature increases as the phenyl isocyanate and benzoyl chloride amount increases. 
These results agree with the direct air capture CO2 absorption test carried out in a gas-liquid membrane 
contactor with the homemade module, as described elsewhere. 

Briefly, the prepared membranes were placed in the module, where the top surface was exposed to ambient 
air by holes in the side of the module. The bottom surface of the flat sheet membrane is in contact with 100 
mL of 0.64 M KOH solution as a liquid absorbent in a different flow rate range from 40 to 340 mL/min at room 
conditions (25 ºC and 1.013 x 105 Pa). After one hour, samples were collected, and the absorbed CO2 
amount was determined through a carbon dioxide ion-selective electrode (Hanna HI4105 connected with 
Thermo Scientific Orion Dual Star pH/ISE Benchtop meter, Thermo Scientific, Waltham, Massacusetts, USA) 
[11-12]. 

The CO2 solubility increases with the addition of modified hyperbranched polyethyleneimine. It is regardless 
of the additive used (benzoyl chloride or phenyl isocyanate), according to the high affinity of the additive to 
carbon dioxide. The presence of basic nitrogen enhances the interaction between both molecules. 
Nevertheless, phenyl isocyanate exhibits higher CO2 solubility concerning benzoyl chloride. The 
hyperbranched polyethyleneimine and phenyl isocyanate reaction produce urea groups with more affinities 
to CO2. This has been validated through a CO2 capture device, where a remarkable improvement in 
comparison with neat PSf (30%) is found.  Overall, additive 2 determined better characteristics in terms of 
CO2 permeability and capture when compared with additive 1. This information is 
unpublished (pol.20220773), and the authors are preparing a patent application for the absorption device. 



4. Conclusions

Asymmetric polysulfone membranes blending with hyperbranched Lupasol G20 grafted with benzoyl chloride 
or phenyl isocyanate with 2% and 10%wt were prepared via phase-inversion precipitation to increase their 
ability for carbon dioxide capture at ambient pressure.  

The resulting morphology of the blended membrane presents finger-like macropores together with meso- 
and micropores and a dense layer, which increases as the additive amount increases. The phenyl 
isocyanate awards a suitable morphology to improve CO2 permeability and capture.  

The glass transition temperature decreases with the addition of a lower amount of modified hyperbranched 
polyethyleneimine due to plasticizing effect of the additive. However, this temperature increases as the 
additive percentage increases.  

The dielectric relaxation spectrum demonstrated additives’ plasticizing effect and improved the molecular 
chain motions of blended membranes. The membranes with phenyl isocyanate additive have the highest 
values of conductivity.  

All these results, in turn, indicate the importance of considering all these factors to find the most suitable 
composition to prepare polysulfone membranes which could favour gas permeation of CO2.  

5. References

[1] Masson-Delmotte, V.; Zhai, P.; Pirani, A.; Connors, S.L.; Péan, C.; Berger, S.; Caud, N.; Chen, Y.; Goldfarb, L.;
Gomis, M.I.; et al. (Eds.) IPCC Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to
the Sixth Assessment Report of the Intergovernmental Panel on Climate Change; Cambridge University Press:
Cambridge, UK, 2021.
[2] IPCC. Global Warming of 1.5 °C; International Panel on Climate Change: Geneva, Switzerland, 2018.
[3] S. Zhao, P.H.M. Feron, L. Deng, E. Favre, E. Chabanon, S. Yan, J. Hou, V. Chen, H. Qi, Status and progress of
membrane contactors in post-combustion carbon capture: A state-of-the-art review of new developments, Journal of
Membrane Science 511 (2016) 180-206.
[4] M. Rahbari-Sisakht, A.F. Ismail, D. Rana, T. Matsuura, D. Emadzadeh, Carbon dioxide stripping from water through
porous polysulfone hollow fiber membrane contactor, Separation and Purification Technology 108 (2013) 119-123.
[5] M. Rahbari-Sisakht, A.F. Ismail, D. Rana, T. Matsuura, D. Emadzadeh, Carbon dioxide stripping from water through
porous polysulfone hollow fiber membrane contactor, Separation and Purification Technology 108 (2013) 119-123.
[6] M. Rahbari-Sisakht, A.F. Ismail, D. Rana, T. Matsuura, Effect of novel surface modifying macromolecules on
morphology and performance of polysulfone hollow fiber membrane contactor for CO2 absorption, Separation, and
Purification Technology 99 (2012) 61-68.
[7] A. Zare, Novel polymeric membrane for artificial photosynthesis, (2022).
[8] S. Havriliak, S. Negami, A complex plane representation of dielectric and mechanical relaxation processes in some
polymers, Polymer (Guildf). 8 (1967) 161–210.
[9] Havriliak, S. Negami, A complex plane analysis of a-dispersions in some polymer systems, J. Polym. Sci. Part C
Polym. Symp. 14 (1966) 99–117.
[10] J.M. Charlesworth, Deconvolution of overlapping relaxations in dynamic mechanical spectra, J. Mater. Sci. 28 (1993)
399–404.
[11] A. Nogalska, M. Ammendola, B. Tylkowski, V. Ambrogi, R. Garcia-Valls, Ambient CO2 adsorption via membrane
contactors Value of assimilation from air as nature stomata, Journal of Membrane Science 546 (2018) 41-49
[12] A. Zare, L. Perna, A. Nogalska, V. Ambrogi, P. Cerruti, B. Tylkowski, R. García-Valls, M. Giamberini, Polymer
Blends for Improved CO2 Capture Membranes, Polymers 11(10) (2019) 1662.

Acknowledgments 
The authors would like to thank the support of the European Union through the European Regional 
Development Funds (ERDF) and the Spanish Ministry of Economy, Industry, and Competitiveness for the 
research projects (PID2020-116322RB-C31) and (PID2020-116322RB-C32). 





PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

A Novel Deep Learning-Based Technique for 
Smart Control of Heat Pumps Integrated into 

Solar District Heating Systems 
 

Youssef Elomaria, Carles Mateub, Marc Marín-Genescàc, and Dieter Boerd 

a Departament d’Enginyeria Mecànica, Universitat Rovira i Virgili, Av. Paisos Catalans 26, 
43007 Tarragona, Spain, youssef.elomari@urv.cat 

b GREiA Research Group, Department of Computer Science and Industrial Engineering, 
University of Lleida, 25001 Lleida, Spain, carles.mateu@udl.cat 

b Departament d’Enginyeria Mecànica, Universitat Rovira i Virgili, Av. Paisos Catalans 26, 
43007 Tarragona, Spain, carles.mateu@estudiants.urv.cat 

c Departament d’Enginyeria Mecànica, Universitat Rovira i Virgili, Av. Paisos Catalans 26, 
43007 Tarragona, Spain, marc.marin@urv.cat 

d Departament d’Enginyeria Mecànica, Universitat Rovira i Virgili, Av. Paisos Catalans 26, 
43007 Tarragona, Spain, dieter.boer@urv.cat 

 

 

Abstract: 

 
District energy systems provide many options for integrating renewable energy sources and energy storage 
systems into residential and commercial buildings. Solar district heating systems (SDHSs) contribute to the 
deployment of large-scale solar energy-based technologies. SDHS technical challenges during operation 
may occur due to not optimal control. Nevertheless, they can be overcome with smart control of an 
integrated heat pump. To address this problem TRNSYS (transient system simulation) software was used to 
develop the SDHS model; the system operates by employing a smart control approach for the heat pump, 
which is coupled to thermal storage tanks for domestic hot water and space heating to meet community 
demand. The methodological approach has been applied to an SDHS in Madrid (Spain) to provide for the 
heating demands of a neighbourhood that consists of 280 apartments in order to more effectively illustrate 
the abilities of the proposed control strategy. The present work focuses on the development of a co-
simulation framework based on TRNSYS and Python for offline training of a control strategy based on deep 
reinforcement learning algorithms for a smart agent that will control the integrated heat pump into SDHS with 
seasonal storage system. The work will consider the life cycle cost analysis for the technical economic 
evaluation for the proposed control strategy. Results will show if the heat pump DRL-based control offers 
significant techno-economic benefits, compared to traditional control strategies. 

Keywords: 

solar district heating systems, thermal energy storage, heat pump, deep reinforcement learning, life cycle 
cost analysis  
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1. Introduction 
District energy systems offer various options for integrating energy storage and renewable energy sources 
into residential and commercial buildings [1]. Solar communities with seasonal thermal energy storage [2] 
and solar thermal systems [3] are examples of such systems that can facilitate the advancement of fourth 
and fifth-generation district heating systems [4], [5]. Systems for district heating powered by solar energy 
help in the deployment of large-scale solar energy-based solutions. In fact, several prosperous large-scale 
solar district heating systems (SDHSs) are currently in use in nations including Austria, Canada, China, 
Germany, and Denmark [6]. Tian et al. [7] highlighted two successful large SDHSs. Even though the 
modeling and design of these systems have been thoroughly studied recently [8], [9], more research is 
needed to develop advanced control techniques for solar district heating systems. 

Techniques for controlling HVAC (heating, ventilation, and air conditioning) are complex due to the way the 
system's components interact with one another and with the thermal dynamics of buildings. The continuous 
adjustment of the heating or cooling system while maintaining the comfort levels set by the occupants is one 
technique to reduce the amount of energy used for space conditioning.  The conventional method for control, 
which is rule-based control (RBC), typically involves simple hysteresis loops that reheat or cool the building 
every time the temperature reaches a threshold. 

Model predictive control (MPC) improves the control technique by allowing the use of predictions from 
outside variables like the weather, the electricity price, etc. This leads to a wider range and more efficient 
control compared to RBC. The primary aim is to control building temperature, with cost optimization being a 
secondary goal. While MPC outperforms RBC regarding its operation capability, it complicates the system 
and requires the availability of a model that accounts for the system dynamics. Due to the complexity of 
building thermal dynamics and heterogeneous environment disturbances, the classical rule-based and 
model-based approaches are frequently ineffective in practice [10]. 

Another control method is reinforcement learning (RL) which is a model-free approach where the agent 
learns the optimal action to take by "trial and error" without the need for previous knowledge of the system or 
process. Model-free methods can operate without a model of the environment [11]. RL techniques can learn 
by interacting with its environment and do not require any supervision. In recent years and within many 
fields, RL has become a strong alternative to MPC. The fundamental idea behind RL is that the optimal 
behavior or action is encouraged by way of a positive reward, while the least desirable action is punished by 
a negative reward [12], [13].  

The drawbacks of conventional RL can be overcome by deep reinforcement learning (DRL), which enhances 
RL with deep neural networks to approximate the value function and policy function when those are hard to 
model due to the dimensionality of the problem. Therefore, the DRL approach is more suitable and flexible in 
terms of control strategies than traditional control approaches. DRL has been utilized extensively in both the 
business and academic fields, such as, in robotics [14], gaming [15], industrial systems [16], and 
autonomous vehicles [17].  

The present work focuses on the development of a co-simulation framework based on TRNSYS (transient 
system simulation) and Python for offline training of a control strategy based on deep reinforcement learning 
algorithms for a smart agent that will control the integrated heat pump and seasonal storage system of a 
SDHS. The work will consider the life cycle cost analysis for the technical economic evaluation of the 
proposed control strategy. 

2. Materials and method 
This section describes the system’s details and the methodology used for system modeling and control. 

 

2.1. Energy system description 

An overview of the analyzed systems is presented in Figure 1. The main components of the system are the 
solar thermal collector (COL), the DHW storage tank (DHWT), a half-buried sensible seasonal storage tank 
(SST), an auxiliary natural gas heater (AUX), and a water-to-water heat pump unit (HP). This SDHS model 
was designed and based on the system proposed by Abokersh et al. [18] and Tulus et al. [19]. 

 



 

Figure. 1.  An overview of the HP with SDHS integration's design. 

 

As seen in Figure 1, the heat pump (HP) functions as a heat source for the SST when connected with the 
solar field circuit. In this arrangement, the district's space heating (SH) or domestic hot water (DHW) demand 
can be accomplished efficiently by the thermal energy collected from the COL or it can be stored in the SST. 
An adequate design of the heat pump that is incorporated in SDHS is required to meet the SH and DHW 
needs of a hypothetical residential neighbourhood throughout the year. The heat from solar collectors is 
transferred to the DHWT in the DHW operation mode, with the intervention of P1, P2, and P5 pumps through 
and switching on the following valves V1, V2, V3, V4, V5, V6, V7, V8, and V9. The AUX2 is activated with 
the help of V5 and V6, when solar thermal energy is insufficient to meet the demand in the DHW network. 
The HP unit is inactive while in DHW mode. In SH operation mode, heat is transferred from ST to SST 
through HE1 using pumps P1, P2, and P3 and valves V1, V2, V3, V8, V9, and V10. Under particular 
circumstances, the heat generated by the HP is either provided to the SST for charging up the heat stored or 
delivered directly to the SH. While the daily DHW demand is supplied by the short-term storage DHWT, the 
SH demand is supplied throughout the winter by the SST. Here, it is crucial to remember that the heat 
provided for the SH is at a low-temperature level (50 °C), whilst the heat supplied for the DHW is at a high-
temperature level (60 °C). Finally, the auxiliary heater acts as a supplement if the solar field, SST, and HP 
are incapable of providing the required amount of heat. 

 

2.2. Co-simulation TRNSYS-Python framework 

TRNSYS (transient system simulation) program is a tool, for simulating an energy system's dynamic 
behavior. In the simulation studio, TRNSYS's components are linked graphically to solve algebraic and 
differential equations. The TRNSYS simulation environment's dynamic nature helps to introduce the SHDS 
model in a more realistic manner. This software does, however, have significant limitations when it comes to 
the development and optimization of HVAC system control. Some intelligent control algorithms, such as 
DRL-based control approaches, are inconvenient and difficult to use directly in the built-in software [20].  

In order to address this issue, a co-simulation testbed with a SDHS TRNSYS model and DRL-based control 
approach has been built in order to enable dynamic data transfer and interaction between these two systems 
as depicted in Figure 2. As DRL-based training requires a large amount of training data, (i.e., of simulations), 
those simulations would have to be done in parallel to maximize computational resources usage and to 
reduce the required time for the experimentation. In order to control such simulations and to be able to train 
the DRL control software, they have been developed, following the de facto standard for DRL training, as a 
Gym environment [21]. 

 



 

Figure. 2.  TRNSYS-Python co-simulation framework. 

2.3. Life cycle cost analysis 

 

In the present study, the life cycle costing (LCC) methodology is employed to conduct the economic 

evaluation of the proposed control strategy of the integrated heat pump integration into a community sized 
SDHS, which is based on the work of Tulus et al. [19] and Abokersh et al. [18]. 

The fundamental concept of the LCC technique involves using a future cost approach. This involves 
calculating the present value of all the expenses incurred over the lifespan of the system, using a discounting 
method. By adding the initial capital cost (IC), operational cost (OC), maintenance cost (MC), and total 
equipment replacement cost (RC), we can estimate the net present cost (NPC). 

 

𝑁𝑃𝐶 = 𝐼𝐶 + 𝑂𝐶 + 𝑀𝐶 + 𝑅𝐶                 (1) 

The initial capital cost refers to the cost of investment at the beginning of a project. This cost includes the 
cost of purchasing the equipment, its installation and transportation, as well as any contingencies expenses: 

 

𝐼𝐶 = (1 + 𝛼𝐶𝐹) + ∑ (𝑃𝐸𝐶𝐾. 𝐹𝐵𝑀𝐾)𝐾                                      (2) 

In the given equation, PECk refers to the initial cost of purchasing equipment unit k, FBMk represents the 
bare module factor that takes into account the costs associated with installation and transportation, while αCF 
is the contingency fees factor. The PECk value is adjusted to its present value from the base year (year A) to 
the year of installation (year B) using the Chemical Engineering Plant Cost Index (CEPCI) [19], with the help 
of the following equation: 

 

𝑃𝐸𝐶𝐾 = 𝑃𝐸𝐶𝐾
𝑦𝑒𝑎𝑟 𝐴

 
𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟 𝐵

𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟 𝐴       ∀𝑘                  (3) 

 

The operational cost (OC) refers to the total amount of yearly operating expenses that includes the 
maintenance costs for various equipment units and facilities, the consumption of electricity by hydraulic 
equipment, and the usage of natural gas by auxiliary heaters. This cost can be stated using the following 
equation: 

 

𝑂𝐶 = 𝐶𝑀𝑃𝑊𝐹𝑀 + 𝐶𝑃𝑃𝑊𝐹𝑃 + 𝐶𝐴𝑈𝑋𝑃𝑊𝐹𝐴𝑈𝑋                   (4) 

 



In the given equation, CM, CP, and CAUX represent the yearly expenses associated with maintenance, 
hydraulic equipment (such as pumps), and auxiliary consumption costs, respectively. To account for inflation 
and the time value of money, the present worth factor (PWF) is calculated, taking into consideration the 
proposed system’s lifetime (Ne), inflation rate (i), and discount rate (d), which can be expressed as follows: 

 

𝑃𝑊𝐹 = {

1

𝑑−𝑖
[1 − (

1+𝑖

1−𝑑
)

𝑁𝑒

]        ∀𝑖≠ 𝑑

𝑁𝑒

1+𝑖
                                        ∀𝑖= 𝑑

               (5) 

 

During the operation of the proposed SDHS, certain pieces of equipment have a high rate of depreciation 
and will require replacement. The cost of replacing them can be calculated using the following equation, 
which takes into account the present value of the equipment: 

 

𝑅𝐶 = 𝑃𝑉𝐹𝑛 ∑ (𝑃𝐸𝐶𝐾. 𝐹𝑀𝐵𝐾)𝐾                (6) 

The present value factor of future cash flows in year n is denoted as PVFn. In this present work, the solar 
collectors, DHW storage tank, heat pump, heat exchangers, and auxiliary heaters are among the equipment 
that will require replacement due to their fast depreciation rate over the system’s lifetime. PVFn can be 
expressed as follows: 

 

𝑃𝑉𝐹𝑛 =
(1+𝑖)𝑛

(1+𝑑)𝑛                           (7) 

 

2.4. Case study 

The methodological approach has been applied to an SDHS in Madrid (Spain) to provide for the heating 
demands of a neighborhood that consists of 10 buildings in order to more effectively illustrate the abilities of 
the proposed framework. This case study has already been described in a former article where more details 
can be found [18]. Each building has 28 apartments, each of which has 90 m2 of usable space [22] and is 
equipped with a DHW system and radiant underfloor heating system to meet the requirement for space 
heating (SH) and domestic hot water (DHW) at 50 °C and 60 °C, respectively. Each building requires yearly 
191.34 MWh of heating. Based on Tulus et al. [19] and Abokersh et al. [18], the proposed SDHS was 
previously validated. 

 

2.4.1. Heating demand profiles 

In order to compare the proposed DRL-based control strategy to the rule-based control strategy in 
Abokersh’s study [18] the SH and DHW inputs will remain the same. Figure 3 shows the monthly DHW and 
SH demand for a neighborhood in Madrid that consists of 280 residential apartments. 



 

Figure. 3.  Demand profiles for domestic hot water and space heating per month for a neighbourhood of 280 
apartments in Madrid. 

The Energy Plus database is used to gather the weather data for Madrid. This includes the incident solar 
radiation, ambient temperature, relative humidity, and other pertinent information. 

 

3. Results 
 

In this phase, using the Madrid case study in a residential community of 280 apartments the design variables 
of various equipment components are taken into account. While formulating the optimization problem, we are 
testing whether the HP smart control strategies can improve the techno-economic viability of SDHS. 

Figure 4 illustrates the optimum system costs for various Net Present Cost terms and payback periods. A 
clear tradeoff between the proposed objective functions is indicated since the movement from scenario 1 to 5 
at both traditional controls (A) and (B) increases the total cost. Thus, Abokersh et al.[18] Pareto's optimal 
solutions appear to provide a modest economic benefit that provides an opportunity to make improvements 
on system controlling, which is the objective of our proposed smart control strategy using the deep 
reinforcement learning algorithm. 

Figure. 4.  The economic benefits and the payback period for the optimal Pareto solutions of the HP 

integrated with SDHS under control strategy (A) and (B) [18]. 



 

In addition to calculating the financial gains, the proposed methodology also determines how each 
technology can operate at its optimal level. Hence, a figure will be illustrated to depict the percentage of grid 
electricity, fossil fuels (natural gas), and solar energy, following the example in Figure 5. 

 

 

Figure. 5.  The share of technologies for the optimal Pareto solutions of the HP integrated with SDHS under 

control strategy (A) and (B) [18]. 

We are currently starting the model training and hope to have the results ready when the 
conference takes place. 

 

4. Conclusions 
 

The current study aims to develop a dynamic model for a solar district heating system (SDHS) integrated 
with a heat pump in Madrid (Spain), to provide the heating demands of a small community of 280 
apartments. A co-simulation framework using TRNSYS, and Python was developed to evaluate the benefits 
of a smart control strategy based on a deep reinforcement learning algorithm, which will control the heat 
pump. The current situation can be characterised by concluding the methodology development and initiating 
the model training. The following step will be to evaluate the control strategy from an economic point of view 
by way of the life cycle cost analysis. 

The aim of this study is to assess the advantages of the proposed smart control strategy using artificial 
intelligence in terms of technical performance and cost-effectiveness, as well as to determine if the control 
strategy offers significant benefits over traditional methods. The results of the study could make the solar 
district heating system a more feasible solution in the market, particularly in light of current policy changes on 
natural gas prices. 
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Nomenclature 

AUX   auxiliary heater fueled by natural gas 

COL  solar collector field 

DHW  domestic hot water  

DHWT  domestic hot water storage 

DL  deep learning 

DRL  deep reinforcement learning  

HE  heat exchanger 

HP  heat pump  

HVAC  heating, ventilation, and air Conditioning  

LQR  linear-quadratic regulator  

MPC  model predictive control  

P   centrifugal pump 

RBC  rule-based control  

RL   reinforcement learning  

SDHS  solar district heating system 

SH  space heating 

SST  seasonal storage tank 

TES  thermal energy tank 

TRNSYS transient system simulation program 
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Abstract: 
The building sector is responsible for a large part of the final energy consumption in Europe. One of the most 
relevant steps in the process of reducing energy consumption in buildings is the energy performance 
diagnostic. In this paper, a data-driven methodology to obtain early energy performance assessment of 
commercial buildings using the energy signature approach is used. As a result, a web-dashboard and API that 
can analyse user data input and produce streamlined outputs like suggestions for energy-saving measures is 
developed. In order to prove the correct functioning of the tool, a demo site of a commercial building in Dublin 
has been used. 

Keywords: 
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1. Introduction 
The building sector is one of the largest consumers of resources at European level in terms of both material 
and energy aspects throughout all stages of a construction project [1], contributing to 40% of energy 
consumption and 36% of carbon emissions. An estimated 75% of buildings in the European Union are 
inefficient, yet only 1% undergoes renovation each year [2]. Non-residential buildings account for 
approximately 25% of Europe's 25 billion m2 of useful building floor area, with 28% being wholesale or retail 
premises, 23% offices, 11% hotels and restaurants, and 4% sports facilities [3]. Commercial landlords often 
own these types of buildings and rent or lease them to one or more tenants. The split incentive problem is a 
significant obstacle to energy-efficient renovations in commercially rented buildings, where the benefits of a 
transaction do not go to the person who pays for it [4]. In this context, it is necessary to develop, test, validate 
and exploit new business models that lead to greater uptake of Smart Energy Services deployed via 
performance-based contracting in the commercial rented sector, supported by more accurate and dynamic 
measurement and verification of energy savings and flexible consumption in order to identify and develop 
business opportunities. 

There are already protocols such as the guide proposed by ASHRAE [5] which set a reference frame for 
measurement of energy and demand savings of heating, cooling and air-conditioning. In the commercial 
building context, ASHRAE [6] developed a book providing standardized set of performance measurement 
protocols that can be applied internationally. Regarding heat load forecasting alternatives for buildings, one of 
the most suitable alternatives is provided by data-driven demand forecasting models. A wide variety of data-
driven models exist and have been successfully implemented for early building performance diagnosis. 
Moreover, several authors have implemented this approach at district scale [7-9]. Data-driven models can be 
classified in different groups and one of them is the black-box models, which are purely based on data and 
statistical techniques with no physical interpretation of the building. In this sense, one of the more common 
types of black-box models are the energy signature models, which can provide successful results for monthly 
and seasonal data as demonstrated in several research [10-14]. Energy signature models predict a building’s 
energy consumption based on external climate data. They are usually represented as a graph of overall energy 
use versus outdoor air temperature [15]. Furthermore, using daily or hourly intervals can provide further 
insights into typical energy demands in comparison to monthly or weekly patterns, allowing for a more accurate 
analysis [16]. 
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Therefore, smart solutions are needed to identify potential flexibility opportunities and energy efficiency 
upgrades with high energy saving potential and communicates estimations of their expected added value to 
both tenants and building owners. 

2. Objectives 

This paper presents a new data-driven energy diagnostic approach to identify the most significant energy 
streams in commercial buildings using a minimal dataset. The algorithms consider general information about 
the building, such as location, size, usage, and HVAC characteristics, as well as overall facility energy 
consumption. The diagnostic provides granular data for integration with energy tariffs in real practice, dividing 
energy use by energy carrier and electricity use by billing schedules. The methodology for the energy use 
diagnostics is detailed in section 3. The present paper summarizes the work performed, including the 
development of a user-friendly web-dashboard and Application Programming Interface (API) that allows users 
to upload specific building information and datasets for early building energy diagnostics. The resulting 
baseline is cross-referenced against current building performance databases for benchmarking, and key 
performance metrics are calculated to identify energy-saving measures. Data from a real case study is used 
to test the algorithms. The outputs from this case study are included in section 6. 

3. Methodology 
This section details a data-driven methodology approach for carrying out early energy performance diagnostics 
of commercial buildings by considering energy building signature models. In this case, the developed 
algorithms are later made available for general use via a web-dashboard and an API. The calculation of the 
energy signature, the diagnostic requirements and main input and outputs from the developed tool are detailed 
in following subsections. 

3.1. Energy building signature 

Energy patterns in buildings are typically represented by one of the behaviours depicted in Figure 1. This 
model is a general approach to modelling energy loads in buildings and can be considered a good 
approximation in cases where heating and cooling are provided by the same energy source and where the 
heating and cooling loads do not overlap in temperature range. 

 
Figure 1. Overall approach to changepoint models. Top row: 3 parameter cooling and heating models. Second 
row from top: 4 parameter cooling and heating models. Bottom row: five parameter heating and cooling model. 
Adapted from [17].  



Therefore, a regression model has been incorporated to depict the average performance of the commercial 
buildings on working days. The calculation method chosen to generate the energy signature is a segmented 
linear regression, in particular, the piecewise regression. Piecewise regression involves fitting a linear 
regression model to data that has one or more breakpoints where the slope changes. In the Python package 
used to perform this task, this type of regression follows the approach described by [18], where the breakpoint 
positions and the linear models are simultaneously fitted using an iterative method. According to [19], the 
general form of a one breakpoint model is implemented as in Eq. (1). As it is a non-linear relationship, it cannot 
be solved directly through linear regression. To take a linear approximation it is necessary to use a Taylor 
expansion around some initial guess for the breakpoint, ψ (0). 

𝑦  =  𝑎𝑥  +  𝑐  +  𝛽(𝑥 − 𝜓)𝐻(𝑥 − 𝜓) + 𝜁 (1) 

This results in a linear relationship and thus a new breakpoint estimate, ψ (1), which can be used to perform 
ordinary linear regression using the stats models Python package [20]. After that, the process must be iterated 
until the breakpoint estimate converges and the algorithm stops. For multiple breakpoints, the same approach 
can be used with a multi-variate Taylor expansion around an initial guess for each breakpoint. 

The resulted regression will just consider the outdoor temperature but no other significant factors such as solar 
radiation, occupancy, ventilation, etc. For that reason, 10% upper and lower boundaries are added to account 
those other aspects. 

3.2. Energy use diagnostics 

The purpose of the energy use diagnostics is to assess the energy consumption and associated costs of 
commercial buildings in this case. To adapt the diagnostics to the methodology scope, some requirements 
have been considered: 

• Data sources. Available data sources such as on-site Building Energy Management Systems and data 
from utilities or energy suppliers.  

• Time intervals. The processes should be frequency adaptable to match different time intervals (hourly, 
monthly data, etc.).  

• Subsystems. Assign different energy use to specific areas and/or subsystems in the building. 

• Benchmark. Compare energy consumption with other buildings of similar size, configuration, use and 
climatic conditions. 

• Measures. Identify energy-saving measures and determine their potential. 

By applying the developed algorithms in section 3.1, a regression with 10% boundaries is obtained. In this 
case, data located out of that boundary will be considered as misuse energy and some energy saving 
measures will be given to match the regression boundaries. These measures include optimizing heating and 
cooling schedules, upgrading lighting systems and heating/cooling equipment, and improving the building 
envelope. 

3.3. Tool description 

The above detailed methodology enabling early building performance diagnostics is accessible via a web-
dashboard. To ensure user-friendliness, the API facilitates communication with the algorithms by simplifying 
the underlying calculations and exposing only the necessary objects to stakeholders without requiring 
knowledge of the operations that occur behind the scenes. Consequently, the web-dashboard enables users 
to upload specific building information and datasets to obtain early building energy diagnostics through the 
API, which accesses the developed algorithms. 

3.3.1. Input data 

To enhance user-friendliness, the input data has been simplified. While additional data such as bank holidays 
and HVAC characteristics could enable more functionalities and analysis, simplicity has been prioritized to 
make the application more appealing to potential users. The minimal dataset needed includes the following 
information. 

• Building characteristics: 
o Building location (city): this information will be used to load the weather file of the indicated city or 

location. The developed API presents a set of 3 preloaded locations; Dublin (Ireland), Madrid 
(Spain) and Thessaloniki (Greece). 

o Building size (m2): the total area of the building will be used to normalize its consumption and to 
compare it to the reference values. 

• Energy data with hourly granularity (electricity, natural gas, or other fuels) in kWh. 

• Service provided: it is necessary to indicate whether the energy data loaded corresponds to heating, 
cooling, or heating and cooling. 



• Actual building usage: 
o Opening and closing hours. 
o Working days. 

3.3.2. Data analysis 

Before proceeding to the analysis of the uploaded data, a pre-processing step is performed. This includes a 
study that analyses the validity of the uploaded data, eliminates possible outliers and erroneous measurement 
values, transforms the hourly data to a daily frequency and indicates whether the final data quantity, after 
cleaning, is sufficient for further analysis. If the pre-processing gives satisfactory results, the analysis of the 
data is performed to generate the building's energy signature. 

Three different analysis processes are performed on the uploaded consumption data: 

• Non-working hours consumption analysis: based on the hourly frequency data as well as the information 
provided on days and times of use of the building, a study of the building's consumption is carried out to 
determine how much is consumed during non-working periods. 

• Benchmarking: if the uploaded data cover a whole year, a comparison of the total consumption with the 
reference values is made. 

• Energy signature: daily frequency data is classified according to whether it is a working or non-working 
day. A piecewise regression is applied in the working day dataset. The information of whether the provided 
data corresponds to heating, cooling or both is used to determine the number of breakpoints of the 
regression. 

3.3.3. Output 

The different results of the analysis are reflected in a graph where the regression line, the 10% boundaries 
and the uploaded data are shown. The outputs are listed below: 

• Energy misuse in non-working hours. 

• Energy consumption comparison against reference values. 

• Energy signature of the building. 

• Qualitative analysis of the building and its system based on the calculated breakpoint in the piecewise 
regression. 

4. User interface of the tool 

 

Figure 2. Web-dashboard, serving as interface between users and algorithms. 

As a result of the detailed methodology, an API and web-dashboard were developed. The user interface is 
linked to the developed algorithms via API. Once the calculations are performed, some recommendations are 
offered to the user. 

This tool allows to users to provide data to obtain an early building performance diagnostics web-dashboard. 
The user enters the building characteristics through the different available options as shown in Figure 2. As 
stated above, data must be introduced in hourly frequency. 

  



5. Case study 
The proposed methodology is applied to a demo site located in Dublin (Ireland), consisting of six floors with a 
classical façade constructed in reconstituted stone precast concrete panels. The building was constructed in 
1996 and was retrofitted in 2014, after a prolonged period of being unoccupied. After the refurbishment, the 
building was partially occupied in 2015 for office uses in the following portions of floor area as shown in Table 
1. The landlord area includes the ground floor reception, stair cores, toilets, basement level, and subbasement 
level. 

Table 1. Floor areas per occupancy. 

 Area (%) Area (m2) Occupancy (persons) 

Landlord 29.14% 1,809.00  

Tenant 1 (Investment Services) 43.72% 2,714.36 265 

Tenant 2 (Private Banking and Asset 

Management) 
12.97% 805.20 65 

Tenant 3 (Hedge Fund) 14.18% 880.44 120 

 
A site survey of the case study building was conducted to gather the necessary information required for 
applying the tool, such as HVAC system components, occupancy, and schedules information, available 
monitored data, etc. Due to the building use, there are no energy intensive processes associated to the normal 
operation of the building. Therefore, main consumptions are related to lighting and HVAC systems. The 
opening times of the offices are from 8h to 18h from Monday to Friday. There is no occupancy during weekends 
or holidays. The input data of the case study building have been introduced via the developed web-dashboard 
as shown in Figure 3. 

 

Figure 3. Input data introduced for the Irish demo-site in the web-dashboard. 

Apart from input data detailed in Figure 3, heating consumption data (see Figure 4) were also obtained in 
hourly basis from 26th January 2022 to 14th December 2022 (both included). The boxplot graph shows the 
statistical distribution of the consumption for each day of the week. 

 

Figure 4. Heating energy consumption distribution during a typical week in the Dublin building. 



6. Results 
The present section includes the early building diagnostic for a demo site located in Ireland. Once the required 
input data have been uploaded (see Figure 3), the API provided results analysis as shown in Figure 5. The 
graphic shown in Figure 5 represents the daily aggregate values of heating consumption (kWh) versus daily 
average outdoor temperature, where red points belong to weekend and other non-working days. On the other 
hand, grey points represent heating consumption for working days. As detailed in methodology, 10% upper 
and lower boundaries have been added to the model and are represented in the graphic with a grey shadow. 
Data out of this boundary represents energy misuse. 

 

Figure 5. Daily aggregated values of heating consumption (kWh) versus daily average outdoor temperature. 

As observed in the figure, heating consumption is weather dependent and increase with low outdoor 
temperatures. The changepoint corresponding to the regression model take place for a mean outdoor 
temperature of 15.58ºC. That means that the building heating demand starts for outdoor temperature under 
15.58ºC, which could be considered as high. Some consumption peaks have been observed for non-working 
days (see red dots in Figure 5), which are assumed to be failures on the monitoring system and can be 
neglected. 

7. Conclusions and discussion of results 
This paper presents the development of an API and a web-dashboard which allows users for an early building 
performance diagnostic.  

The creation of the API that accesses the developed algorithms highlights the critical role that data availability 
and synchronization play in this context. The recommended diagnostic procedure heavily relies on utility 
meters (which are still being delivered with some difficulties) and climate data, which is available from open 
sources. However, obtaining data from energy sub-meters, building usage, and indoor comfort conditions is 
still of interest and would significantly enhance performance assessment.  

The algorithms created for its implementation in the API have been employed to evaluate the data provided 
by a commercial demo building in Dublin. The evaluation of this data has been thoroughly presented and 
analysed in this document to serve as an exemplary case study of the methodology. By application of the 
developed methodology, it is possible to identify the most significant energy streams in the building using 
minimal information.  

After the application of the regression model, it has been proven that it correctly represents the average 
performance of the offices during operational days. Data collected in days where the heating consumption is 
out of a 10% boundary from the model are identified as misuse days and might be separated from non-
operational days. Some recommendations can be made based on the analysis performed. 

The early building diagnostic outcomes involve the computation of key performance indicators, which enable 
the automatic identification of energy-saving measures when compared against current building performance 
databases. 
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Nomenclature 
c first segment 
H Heavised step function 
x data 
y data 
 

Greek symbols 
α gradient of the first segment 
β change in gradient from the first to second segments 
ξ noise term 
ψ breakpoint position 
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Abstract:
Pumped storage power plants compensate for fluctuations in the electricity grid and improve the stability
through grid services. By increasing the flexibility of pumped storage power plants, they could compensate
fluctuations in an even greater extent and thus accelerate the shift to a fully renewable energy system. One
way to do this is to accelerate the switching between operating modes within pumped storage stations. For
this, we propose to apply reinforcement learning (RL) to control the start and stop processes within a hydraulic
machine. RL has been shown to outperform traditional optimal control methods, however, safety concerns are
stalling research on applying RL for process control in safety-sensitive energy systems. To enable the safe
and reliable transfer of the algorithm’s learning strategy from a virtual test environment to the physical asset,
we present a concept for applying RL via a digital twin platform. To demonstrate this concept, we set up a
simulation model for the operating behavior during the start and stop processes of a lab-scale pump-turbine
and validate it with experimental data. On this virtual representation, we test the application of RL to optimally
control the blow-out process within pump-turbines. We present the structure of the deep Q-learning (DQN)
RL algorithm we trained and the necessary problem formulations. Our results show that the DQN algorithm is
suitable for finding the optimal operating strategy to blow-out the pump-turbine runner. We discuss the viability
of our approach for the control of a pump-turbine and outline the next steps to test RL on a lab-scale model
machine.

Keywords:
Reinforcement Learning, Digital Twin, Hydro Power, Process Control, Pump-Turbine, Transfer Learning.

1. Introduction
To reach the transition to a clean energy future, renewable energy systems, and especially wind and solar
power technologies, will be expanded massively over the next years [1]. The energy sector is thus confronted
with the growing share of volatile renewable energy systems in the grid. To balance out fluctuations, other
energy sources and storage systems, such as pumped storage power plants, will need to increase not just in
capacity but also in flexibility [2].
An approach to make pumped hydro storage systems more flexible is the acceleration of the switching between
operating modes of pumped hydro machine units. Pumped storage power plants can be equiped with ternary
sets, consisting of a pelton or francis runner and a storage pump, or with reversible pump turbines, where the
machine unit can act as a turbine as well as as a pump. When switching from turbine to pump mode in pump-
turbines, the runner is typically being blown-out, i.e. the water is being displaced by air, to minimize the start-
up torque. This blow-out process is also necessary for both generator types when operating in synchronous
condenser mode, which is used for compensating reactive power in the power grid [3].
To reveal optimization potential for faster changes of operating conditions in general and the blow-out process
in particular, we propose to use a reinforcement learning (RL) algorithm for process control within the machine
unit. RL is a type of machine learning (ML) in which an agent interacts directly with its environment. It aims to
learn an optimal decision policy, guided by a scalar reward signal [4]. The application of RL in industrial control
settings has received a lot of attention in recent years because it has been shown to outperform traditional op-
timal control methods [5]. However, safety concerns limit most use cases to simulated environments [6]. While
research in the areas of robotics (e.g. [7,8]) and manufacturing (e.g. [9]) seems to be leveraging the transition



of simulated to real-world applications of RL for process control, the implementation of an RL algorithm to
critical infrastructure, such as hydropower systems, is still far from being realized [6].
To enable RL for flexible energy systems, we recently proposed a three-step learning method that uses transfer
learning (TL) to transfer a pre-learned RL algorithm via a digital twin (DT) platform from a simple data model
over the virtual representation of the machine to the real world machine unit [10]. Based on this method,
which will be explained in Section 2.1., we will present the simulation model that was set up to act as the
virtual representation of the lab-scale reversible pump-turbine where we plan to test the control of the blow-out
process through RL in the future. We then describe the structure of the RL algorithm that we used and discuss
our results for implementing the RL agent to control the blow-out process within the simulation model. Finally,
we give an outlook on future research and draw a conclusion.

2. Methods
2.1. Reinforcement Learning on a Digital Twin Platform
When operating critical infrastructure, reliability and safety are crucial. Simultaneously, the replacement of
standard controllers with RL algorithms to control processes is gaining in attention [6, 11, 12], which may be
of interest for continuously revealing optimization potential and automating a flexible operation within energy
systems. Hence, to enable the application of RL for process control within safety-sensitive energy systems,
requirements for the trustworthiness of the RL algorithm need to be established and satisfied. Therefore, we
propose a three-step learning method, that combines the benefits of RL and TL on a DT platform, as presented
in our recent journal publication [10]. Figure 1 shows the concept for applying RL on a DT platform.

Figure 1: Concept for the application of reinforcement learning (RL) on a digital twin (DT) platform, adapted
from [10].

Firstly, pre-training is done with a basic data model, followed by, secondly, training on an exact simulated
replica of the actual asset. Thirdly, the pre-learned strategy is being adapted to the real machine unit. This
pre-training can substantially reduce technical safety concerns related to learning and operating the actual
power system by efficiently limiting the RL agent’s action space. Figure 2 shows the general concept of a
DT platform, as proposed by Kasper et al. [13], that integrates all three environments for the three-step RL
approach: the historical data model, the virtual replication, and the physical unit, allowing TL to be used as a
service to continuously enhance the RL agent’s strategy.
2.2. Simulation Model
The virtual entity of our DT platform consists of a simulation model of the pump-turbine test rig at the labora-
tories of the Institute of Energy Systems and Thermodynamics (IET) at TU Wien (see Figure 3). The model
pump-turbine consists of seven runner blades and is equipped with 20 guide vanes and 20 stay vanes. The sim-
ulation model is built using the Simscape language together with blocks from the Simscape standard libraries
within the MATLAB/Simulink environment [14–16]. The model allows for the simulation of various operating
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Figure 2: Schematic representation of a generic DT platform, adapted from [13].

Figure 3: Test rig with scale reduced model of a radial pump-turbine at the hydraulic lab of IET, from [10].

conditions. The pump-turbine characteristics were modeled following the assumption of the affinity laws for the
behavior of pumps and turbines with variable speeds. Equation 1 describes the linear dependence between
the flow rate Q and the rotational speed n, and the cubic relation between n and the pressure difference built
up by the pump-turbine ∆pPT.

Q1

Q2
=

n1

n2
≈

√
∆pPT (1)

To make up for deviations between the simulated and the measured values for the flow rate Q, a representative
fitting rate η, similar to an efficiency rate, depending on the rotational speed was introduced. The resulting
Equation 2 for the pressure difference ∆pPT therefore comprises the efficiency rate η(n), the scaling factors kPT
and kω, all compensating for actual flow conditions in the real machine unit, and the angular speed ω.

∆pPT = η(n)kPT(ω − kω)2 (2)

For the calculation of the shaft torque, the experimentally captured Tn- characteristics were directly imple-
mented within the simulation model. To account for the influence of the water level in the draft tube cone on the
torque, Equation 3 calculates the shaft torque T by multiplying the measured values Tch, which are dependent
on the rotational speed n and the the guide vane opening a, with the fraction between the actual water level x
and the maximum water level in the draft tube cone xmax.

T =
x

xmax
Tch(n, a) (3)

The simulation model sufficiently replicates the measurements on the real model pump-turbine for the flow rate
Q and shaft torque T for different guide vane openings a and rotational speeds n. Figures 4b and 4a show the
comparison of the simulated curves with the measured data for the Qn- and Tn-characteristics, respectively.
The relative error for the simulated flow rate compared to the measured data is shown in Figure 5 for an exem-
plary guide vane opening of a = 30%. The deviations between simulated and measured data are comparable
for other guide vane openings. Overall, the model is able to simulate three of the 4-quadrant characteristics
(pump, pump brake and turbine) within acceptable relative error tolerances of ±20%. Only when operating as
turbine break and reverse pump, the relative error exceeds 20%. As our first use case for enabling increased
flexibility within machine operation is on the pump start-up and the operation in synchronous condenser mode,
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Figure 4: Comparison of Qn- and Tn-characteristics from measured data with simulated curves for different
guide vane openings.

the focus of the simulation is on operation as a pump and the blow-out process with speeds from −nmax to
around −0.7nmax . Deviations between the simulated and the experimentally measured data are thus more
accepted in the other operation modes, resulting in non-sufficient representation of the operating range below
the ”zero torque” (TED = 0), the so called ”S”-characteristic, as it can be seen in Figures 4 and 5. Here, the
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Figure 5: Relative error for the simulated flow rate compared to measurement data.

operating condition is not clearly defined and the area should be avoided in real operation. Nevertheless, the
model is easily adaptable and correct representation of all pump-turbine operation modes needs to be ensured
before the model is eligible as the complete virtual entity of the DT platform.
The blow-out of the runner is modeled through the lowering of the water level when air is blown into the draft
tube. The machine is considered as blown-out as long as the water level is below the threshold xblow−out. If
the water level drops too low, air can leak into the tailwater vessel. Therefore, the water level should never fall
below the critical level xcrit. Figure 6 illustrates the relevant water levels in the model pump-turbine, and Table
1 lists the according values.
2.3. Reinforcement learning algorithm
The objective of an RL agent is to interact with its environment to determine the best possible strategy, which is
referred to as the optimal policy [4]. As illustrated in Figure 7, the agent makes a decision on what action to take
at each time step t , resulting in a change in the environment. The environment’s current state St is passed to
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Figure 6: Illustration of relevant water levels inside pump-turbine.

Table 1: Water level values in draft tube of model pump-turbine.

xmax 0.807 m
xblow−out 0.639 m
xcrit 0.227 m

the agent, along with a reward Rt that serves as a measure of the state’s quality and provides feedback for the
agent’s learning algorithm. Based on the observation of the new state, the agent determines the subsequent
action. By repeating this sequence, the agent acquires knowledge on how to effectively associate states with
actions, with the objective of maximizing the cumulative rewards obtained over time (also known as return G).
After a sufficient number of training sessions, this process leads to the development of the optimal policy π∗,
with π(A|S) indicating the probability of selecting action A when presented with state S [10].

Agent

Environment

Action

At

State

St

Reward

Rt

Figure 7: Agent-environment interaction within an RL algorithm, adapted from [4].

During training, an RL algorithm needs to balance between exploring the state space through selecting random
actions and exploiting of actions that have already proven to yield high rewards. Only through exploiting on past
actions, the agent’s performance can be improved. However, prematurely focusing on exploitation may lead
to the algorithm settling on a sub-optimal policy [17]. Therefore we use epsilon-greedy exploration following
an epsilon decay function. In this way, the exploration probability ϵ decreases continuously during training,
ensuring that the agent explores the whole state space in the beginning, but still manages to converge to the
optimal policy when training progresses.
For our use case, we use a deep Q-network (DQN) training algorithm, which is a value-based RL algorithm
that trains a so-called critic Q(S, A;ϕ) with parameters ϕ to predict the return for a given state S and action
A. During training, the agent adjusts the parameters in ϕ. When training is finished, the optimal policy can
be derived from the trained value function approximator, the critic Q(S, A), with now tuned parameter values
ϕ [18]. The general training algorithm for a DQN agent is described in Algorithm 1.



Algorithm 1 Deep Q-Network (DQN) Training Algorithm [18]

Initialize critic Q with random parameter values ϕ
for each episode do

for each training time step do
With probability ϵ select a random action A
otherwise, select the action, for which the critic value function is greatest:
A = arg maxA Q(S, A;ϕ)
Execute action A. Observe the reward R and the next state S′

Store the experience (S, A, R, S′) in the experience buffer
Sample a random mini-batch of M experiences (Si , Ai , Ri , S′

i ) from the experience buffer
if S′

i is a terminal state then
Set value function target yi = Ri

else
Set yi = Ri + γ maxA′ Q(S′

i , A′,ϕ)
end if
Update the critic parameters ϕ by one-step minimization of the loss L across all sampled experiences:
L = 1

M

∑M
i=1(yi − Q(Si , Ai ;ϕ))2

Update the probability threshold ϵ for selecting a random action based on the ϵ-decay rate
end for

end for

3. Results
The goal of our use case is to have the RL algorithm control the blow-out process for pump start-up within the
virtual model of our scale reduced pump-turbine in the lab of IET. In doing so, we seek to demonstrate how RL
can enhance the flexibility of hydropower systems, by training the agent to minimize the usage of compressed
air while blowing out the machine as fast as possible.
As RL algorithm, a DQN agent from the MATLAB Reinforcement Learning Toolbox [18] with the default vector
Q-value deep neural network as critic was used. The DQN agent has a discrete action space, A = [0, 1]. If
the action A = 0, no air is blown into the draft tube and if action A = 1, air gets blown into the draft tube with a
constant pressure of pair. At each time step, the agents receives the state of the environment S = [x(t), A(t−∆t)]
through a continuous value for the current water level x and the binary value for the previous action A. This
informs the agent whether the water level is rising or falling, allowing it to make an informed decision on the
next action. The reward at each training step is calculated with a reward function that consists of four weighted
terms, as described in Equation 4. Hereby, Rwaterlevel is positive if the water level x is between xblow−out and
xcrit and negative otherwise. Rair accounts for the penalty the agent receives every time A = 1, indicating that
air is blown into the draft tube cone. Rswitching encourages mores stable operation through penalizing the agent
whenever it switches the air valve. If the compressor’s limit is reached, i.e. if the total mass flow of air blown
into the draft tube during the whole training episode reaches the limit of ṁair = 1kg, the agent receives a high
penalty Rcompressor and the episode is aborted.

R = w1Rwaterlevel − w2Rair − w3Rswitching − w4Rcompressor (4)

The final cumulative reward, the return, for one training episode can be calculated by summing up over the
reward received during each training time step t (Equation 5).

G =
tend∑
i=1

R(t) (5)

All the important parameter and hyperparameter settings for the training of the DQN agent are listed in Table
2. Note that the guide vane opening a = 1mm and not 0, as it would be expected during the blow-out process.
This intentional gap between the guide vanes should indicate leakages, as they are common in real world
constructions, leading to air dissipating and therefore the need to repeatedly blow air into the draft tube to
remain in blown-out condition.
Figure 8 shows the training progress of the DQN agent for learning how to control the blow-out process while
balancing between rapidly reaching and remaining in blown-out operation mode and, simultaneously, minimiz-
ing the air mass blown into the draft tube. The large fluctuations for the first 200 training episodes represent
the exploration phase of the learning algorithm, during which the agent chooses many random actions to ex-
plore the state space and evaluate the value function. As training progresses, the exploration probability ϵ
decreases and the average return converges. The drops in the episode return curve in episodes 315 and 433
come from further random action decisions, as the probability for selecting a random action over the action for



Table 2: (Hyper-)Parameter settings for training of the DQN agent.

parameter symbol value
simulation options
maximum simulation time tsim 120 s
air pressure pair 8 bar
guide vane opening a 0.001 m
rotational speed motor-generator n 0 rpm
agent options
exploration probability ϵ 0.5
minimum exploration probability ϵmin 0.001
exploration probability decay rate ϵdecay 0.0001
learn rate γ 0.01
discount factor α 0.99
mini batch size M 64
training options
maximum episodes 1000
averaging window length 20
stop training criterion = average return 91

which the critic value function is greatest, never decreases to 0 but converges to a minimum value ϵmin = 0.1%.
During numerous previous training sessions it was discovered that the highest achievable return is limited to
Gmax = 93. Therefore, a return of Gstop = 91 averaged over 20 training episodes was chosen as termination
criterion. After the 542 training episodes, this criterion was reached and training was stopped.
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Figure 8: Episode and average return over training episodes.

The simulation results for the blow-out process when controlled by the trained DQN agent are shown in Figure
9. The rotational speed of the motor-generator was set to n = 0rpm, for simulating the machine at standstill.
Since a leakage between the rotational guide vanes of a = 1mm was assumed, the flow rate Q is not 0, but
a constant water flow of roughly 18 l/s was calculated by the simulation model. The final strategy of the RL
algorithm for controlling the blow-out process can be seen in the sub-figures for the action, the mass flow
rate and the water level over time. Air gets blown into the draft tube for a certain amount of time (A = 1).
Subsequently, the air valve is being closed again (A = 0) and the water level rises again due to leakage effects.
When the threshold xblow−out is reached, the valve opens again (A = 1). This sequence is repeated until the
maximum simulation time of tsim = 120s is reached.
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Figure 9: Simulation results for the blow-out process.

4. Discussion
The control of the blow-out process within the simulation model of a model pump-turbine through a DQN
RL agent was successfully implemented. However, the algorithm’ optimal policy does not yet reveal much
optimization potential. Nevertheless it results in a rather logical blow-out sequence that could have also been
achieved easily by a simple hysteresis controller. The results therefore show that the DQN agent and our RL
problem formulation is suitable for finding the optimal blow-out operation strategy.
Considering that the current water level in the draft tube of the model pump-turbine at our lab facilities is hard to
be measured directly, future research will deal with finding a solution for representing the blow-out conditions
in the simulation model more accurately. Then, the control of the process will most probably increase in
complexity and the optimal policy won’t be as straightforward. We assume TL to be beneficial in transferring
the DQN agent’s policy to handle model adaptations.
Further, in this work we only considered the blow-out process during machine downtime. Blowing out a rotating
runner, as it is being done for operation in synchronous condenser mode, may result in different findings.
Investigations of different operation parameters are thus recommended and will be a part of our future research.

5. Conclusion
We presented a method to enable the use of RL for process control in pumped hydro storage systems. Con-
cerns for letting a ML algorithm interact with safety-sensitive industrial equipment are among the biggest re-
search barriers for RL for process control. We argue that through the transfer of a pre-learned RL algorithm
through the use of a DT platform, safety concerns can be reduced and reliability of the RL algorithm’s policy
can be increased. In this paper, we showed the first results for the training of a DQN RL agent on a simulation
model of a reversible pump-turbine, which acts as the virtual entity of our DT platform. The model was fitted to
represent the behavior of a lab-scale model pump-turbine, which is located at the laboratory of the IET at TU
Wien with satisfactory accuracy. Training of the RL algorithm was successfully carried out. The results confirm
the expected optimal operation of the blow-out process. Future research will address increasing model com-
plexity, exploration of different action and state spaces for the learning of the agent and, ultimately, the transfer
of the RL algorithm to the model machine in the lab and use the autonomously learned optimal strategy to
control the blow-out process.
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Abbreviations
DQN Deep Q-Learning

DT Digital Twin

IET Institute of Energy Systems and Thermodynamics, TU Wien



ML Machine Learning

RL Reinforcement Learning

TL Transfer Learning

Nomenclature
a guide vane opening, m

A action

G return

kPT fitting constant, Pas2/rad2

kω fitting constant, rad/s

L loss

M mini batch size

ṁ mass flow rate, kg/s

n rotational speed, rpm

p pressure, bar

Q flow rate, m3/s

R reward

S state

t time step, s

tsim simulation time, s

T shaft torque, Nm

TED torque factor, 1

w weighting factor

x water level, m

y value function

Greek symbols

α discount factor

ϵ exploration probability

ϵdecay exploration probability decay rate

η efficiency

γ learn rate

ϕ Q-learning parameter

∆ difference

ω angular speed, rad/s

Subscripts and superscripts

air air

blow-out blow-out condition



ch characteristic

crit critical

max maximum

min minimum

PT pump-turbine
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Abstract:
The interest in Urban Systems has been growing due to the necessary decarbonisation of
city energy systems. Decision tools are developed using mathematical optimisation to en-
able proper decision-making in the transition process. The concept of energy communities -
or district energy hub - is expected to have an impact on the energy system at both regional
and national scales. However, the shift towards distributed energy systems complexifies the
model due to more integrated subsystems and requires larger spatial boundaries to increase
self-consumption and decrease grid stresses. The computational power required to model and
optimise such systems is to rise drastically.
This work proposes to curtail the large computing needs by typifying the districts of a city, using
clustering techniques. Accordingly clustered districts can be optimised by solving a typical dis-
trict from the group and scaling its solution to the others. The clustering features considered are
the districts energetic characteristics: the energy demands on one side, and the endogenous
resources on the other. Data are normalised and a principal component analysis is conducted.
Two clustering algorithms are investigated: a centroid-based (Kmedoids) and a density-based
(GaussianMixture). The ideal number of clusters is determined by maximising the intra-cluster
similarity and minimising the inter-cluster similarity, and the final clustering stability is evaluated
through the Rand Index.
The method is applied on the case study of a typical European urban area and the two algo-
rithms lead to two distinct typification. The clusterings are used to run an energy hub optimisa-
tion for the whole region and the results are compared to the one obtained without archetypes
for validation. The results between the two approaches show no significant differences while a
considerable computing time reduction is achieved.

Keywords:
Urban energy systems, clustering, energy modelling, energy communities.

1. Introduction
1.1. Background
Among all, the building and construction industry accounts for an estimated 37% of the global
operational energy and 37% of the process-related CO2 emissions, worldwide [1]. Additionally,
the world urban population represents 55% of the total and is expected to grow to 6 billion peo-
ple [2] by 2050 (70% of total). Today, two-thirds of the global energy consumption come from
cities, which emit more than 70% of the total greenhouse emissions [2]. Priority needs then to
be put on city energy systems decarbonisation. Those considerations lead to a growth of inter-
est in Urban Energy Systems. According to the Net Zero Emissions (NZE) by 2050 report [3],



decarbonisation should be driven by high electrification. The conventional energy systems (e.g.
fossil-fuels and boiler for Space Heating (SH)) would be replaced by devices and technologies
that require renewable energy vectors. In the NZE scenario, 1.8 billion heat pumps and 1.2
billion solar thermal systems combined to 7’500 TWh of building-integrated PV would need to
be installed [1].
Consequently, the exploitation of local energy resources is expected to grow, shifting the current
electrical grid to a more decentralised one; households or organisations will consume energy
from the grid at times, while at other times they will produce surplus energy that they can in-
jected into the grid. The installation of energy devices must then be carefully done so that it
answers the grid constraints. To ensure the stable operation of the grid at nominal frequency,
the grid must always be balanced. While the current system - where few plants are responsible
for the production, from the higher voltage level - can easily adapt the plant turbines frequency
to keep the balance, with non-drivable inputs on the grid at the low-voltage level, it would be
much more difficult to reequilibrate the imbalances [4]. Moreover, high peak production power
can also overload the transformers or cause transmission bottlenecks [5]. The grid restrictions
make it challenging to determine what technologies should be installed for a building to meet its
demand, as optimal solutions depend on the context. Thus, the energy problem must be solved
on a case-by-case basis.

To enable good energy-wise policies to help the renewable technologies penetration, an impor-
tant lever for action is to provide efficient decision tools, able to propose a set of solutions to a
specific energy context [6]. The decision-making tools model the system design (energy hub)
and its possible components and provide an analysis, leaning on mathematical optimisation or
simulation. Traditionally, the building is considered as the energy hub perimeter.
1.2. Gaps and contribution
However, to obtain results at a city scale, solving each hub would be too demanding in terms
of computational power. To tackle this issue, either the model has to lose accuracy or the
data volume must be reduced. [7, 8] developed the use of Machine Learning techniques to
cluster the buildings of a city. The building stock is thus simplified using archetypes (i.e. aver-
age reconstructed buildings or sample buildings). But, the change towards distributed energy
systems encourages the extension of the energy hub spatial boundaries so that a higher self-
consumption can be achieved, hence releasing some stress over the grid. Indeed, [9] shows
that when maximising the electricity generated locally (e.g., solar panels), the interaction of the
building energy system with the grid should be lowered. To do so, the energy hub considered in
this research is the district, which allows interactions between buildings.

This research proposes a method to typify urban districts using clustering techniques, thus
combining the benefits of buildings interactions and typification. An application of the method is
proposed using the canton of Geneva in Switzerland as a case study.

2. Methods
The method’s premise is that by modelling a reduced number of districts, elected as representa-
tive districts, the results obtained draw the same conclusion as the ones that would be obtained
by modelling every districts.
From this premise, the workflow proposed to enable large scale urban energy modelling is de-
scribed in Figure 1. This paper covers the methods to find the representative districts.



Data
collection

Urban energy
modelling

Districts
definition

Representative
districtsEnergy policies

Covered in this paper

Determine #
clusters

Clustering
algorithm

min ARI
satisfied?

No

Yes

Figure 1: Workflow diagram for large scale urban energy modelling for integrated and dis-
tributed systems.

2.1. Definition of a district energy hub
Intuitively, a district is an area. Defining the District Energy Hub (DEH) consists in defining its
spatial boundaries. A spatial attribute that must be common to all the buildings to consider within
the same district is investigated. Because the initial target of the DEH is to limit exchanges with
the grid, it is necessary that the buildings within the district boundaries can interact. Also, the
aggregated load that the transformer has to handle must be taken realistically into account.
Hence, the low-voltage transformer is the common attribute within a district in this research.
To be relevant, the clustering is designed so that its input features are the same as the input
variables that describe the energy system in the model. A DEH is characterised by its infras-
tructures, the energy imported, the resources, and the on-site energy demands, as detailed in
Fig. 2.

Figure 2: Key characteristics describing a district.

To restrain the number of features and facilitate the solving, the data go through a Principal
Component Analysis (PCA) before the clustering. A PCA allows reducing a dataset dimen-
sionality while preserving as much of the variability (i.e. the statistical information) as possible
[10]. It also helps to interpret which features have the most impact on the clustering result. It is
implemented in Python, using the scikit library.



2.2. Clustering
In Urban Building Energy Modelling (UBEM), the algorithm that comes up most often and that
has proven its effectiveness is Kmeans [11]. In this method, a derivative of Kmeans is imple-
mented: the Kmedoids algorithm. It uses the concept of medoids instead of the mean, which
diminishes the influence of the outliers, making it more robust. To make it operational to ellip-
tical distribution, a second algorithm is proposed, the GaussianMixture algorithm. Those two
algorithms are implemented in Python, using the scikit-learn library [12].
2.2.1. Kmedoids

Kmedoids require an initial number of clusters to run. If no previous knowledge of the dataset
allows knowing this parameter, performance measures are used to determine which number of
clusters gives the best result. Three validity indexes are proposed in this method. To put in
equations those indexes, the following notation is used:

• The set of clusters C = {C1, ..., CI , ..., CK} with 1 ≤ I ≤ K ,

• The set of observations y = {y1, ..., yi , ..., yn} with 1 ≤ i ≤ n,

• The subset of observations attributed to the cluster yi ∈ CI , i ≤ n, yI = {yI,1, ..., yI,j , ..., yI,nCI
}

with 1 ≤ j ≤ nCI ,

• ȳ is the centroid of y. Similarly, ȳI is the centroid of yI.

• Elbow index: the elbow method consists in computing the sum of squared distances
(distortion score or inertia (1)) for each point to its assigned centroid [13]. The optimal
number of clusters is the one where the drop in the distortion score is the most important.

• Silhouette index: for a given observation and yI,j , the silhouette score measures the
mean distance to all points of its cluster (3a) and compares it to the mean distance to all
points of the neighboring cluster (3b). s(I, j) has a score of 1 if yI,j is a perfect match with
cluster CI and a score of -1 with the neighboring cluster. The silhouette index is the mean
of all coefficients sI,j (3d).

• Calinski-Harabasz index: it estimates the cohesion of clusters. It evaluates the distance
from points in a cluster to the centroids and the distance from the centroids to a global
centroid (2).

The elbow index is commonly used. However, according to [14], CH index and silhouette
index are the ones performing the best to evaluate a Kmeans clustering.

SS(C) =
∑
CI∈C

∑
yI,j∈yI

(yI,j − ȳI)2 (1) CH(C) =
n − K
K − 1

∑
CI∈C nCI · d(ȳI , ȳ )∑

CI∈C
∑

yI,i∈yI
d(yI,i , ȳI)

(2)

a(I, j) =
1

nCI − 1

∑
m∈CI , j ̸=m

d(yI,j , yIm ) (3a)

b(I, j) = min
J ̸=I

1
nCJ

∑
yJ,m∈CJ

d(yI,j , yJm ) (3b)

s(I, j) =
b(I, j)− a(I, j)

max(a(I, j), b(I, j))
(3c)

S(C) =
1
n

∑
CI∈C

∑
yI,i∈CI

s(I, i) (3d)



With this being defined, algorithm 1 is used to determine the optimal number of clusters kopt .
Once kopt is determined, the clustering in itself can be done. It is repeated 500 times and
the one with minimal inertia is kept as the final clustering. If the right number of clusters was
used, the clustering should be stable, i.e. observations should be labeled the same way from
one iteration to the other. Rand [15] has created an index to evaluate this stability. When two
clusterings (obtained from different algorithms or number of clusters) are to be distinguished,
the one with the higher Rand index is kept. Moreover, for a clustering to be valid, it should have
a minimum level of stability. [16] stated equation (4), defining it depending on the clustering
sizes (r and s). If ARI ≤ min ARI, clustering is rejected.

min ARI =

[
1− 1

2

(
r + s − 1

2

)[(
r
2

)−1

+
(

s
2

)−1
]]−1

(4a)

if r = s : min ARI =
−r

3r − 2
(4b)

2.2.2. GaussianMixture

The process is similar to the one for Kmedoids. The GaussianMixture algorithm needs a number
of components and the shape of the covariance matrix to work. Again, if no previous knowledge
helps to determine those parameters, scores are used to find them.
Because the GaussianMixture relies on probabilities, the best clustering is the one that max-
imises the likelihood. The likelihood function evaluates the joint probability of observed data as
a function of the chosen statistical model. Given a set of n training vectors y, the GMM likelihood
function can be written as in (5).
However, adding components helps increase the likelihood while it may lead to overfitting the
data. Criteria introduce penalty terms on the number of parameters to solve the issue.

• Akaike Information Criterion (AIC): defined by (6a), it should be as small as possible. It
is an efficient criterion when the model is very complex and is chosen in this context.

• Bayesian Information Criterion (BIC): defined by (6b), the BIC should also be as small
as possible. It has consistency (meaning it would asymptotically select the candidate
model having the correct structure), as its penalty term contains n.

p(y | λ) =
n∏

p(yi | λ) (5) AIC = 2 · ln(kλ)− 2 · ln(L̂) (6a) BIC = k · ln(n)− 2 · ln(L̂) (6b)

where L̂ is the maximised value of the likelihood function of the GMM defined in (5), k the
numbers of estimated parameters of the model.
Algorithm 2 describes the steps to determine the key parameters. Once they are selected, as
for Kmedoids, the Rand index is computed.
2.3. Case study: the Canton of Geneva
In this research, data are collected over the canton of Geneva, an area containing a typical
mid-size European city, a peri-urban area, and some rural areas.
The districts are defined according to the LV transformers to which the buildings are connected.



Because the position of transformers is not publicly available, this research uses the synthetic
grid approach from the work of [17], which estimates the position of transformers based on the
buildings’ energy demands. Most of the data concerning buildings comes from QBuildings, a
database developed at the IPESE laboratory. The buildings data are aggregated over districts
and normalised by the total Energetic Reference Area (ERA) by district.

3. Results and discussion
The results and discussion seek to demonstrate the applicability of the method developed on
a typical European city intending to subsequently run an energy system optimisation model.
First, the clusterings obtained with the two algorithms are analysed. Second, the results of the
optimisation with and without the clustering are compared to ensure the validity of its use for
decision-making purposes.
3.1. Clustering results
3.1.1. Optimal number of clusters

As a first step, the optimal number of clusters should be determined to run the algorithm. Figure
3(a) shows the mean score obtained for each number of clusters for the three indexes and Fig.
3(b) shows the number of occurrences where each number of clusters gives the best score,
with the Kmedoids algorithm.

(a) Mean scores obtained for the three in-
dices.

(b) Occurrences where a number of clusters is found optimal.

Figure 3: Results of the optimal number of clusters investigation, Kmedoids, repeated 500
times.

The silhouette and the CH index agree on 2 as the optimal number. However, 2 clusters are in-
sufficient to discriminate between the different optimisation problems that may be posed. There-
fore, the next optimum is looked at. According to Fig. 3(a), for CH, the line breaks at 4 and then
there is a new local maximum at 8 and for the silhouette index, the break is at 3. This is con-
firmed by Fig. 3(b). The elbow occurs the most between 8, 9, and 10.
In comparison, Figs. 4(a) and 4(b) indicate an optimal number of clusters between 4, 5, or 6 for
the BIC index. The AIC obtains an elbow-like shape curve where the main change of curvature
happens at 5 and 8. Note that only the full covariance matrix shape is shown, as it has always
obtained the best score.
From those two results, 3, 4, 5, and 8 are the best number of clusters to investigate.



(a) Mean scores obtained for the two indices. (b) Occurrences where a number of clusters is found optimal.

Figure 4: Results of the optimal number of clusters investigation, GaussianMixture, repeated
500 times.

3.1.2. Clustering

With the kopt search results, algorithms are run to compute the Rand index and keep the most
stable clustering. Table 1 displays the Rand index computed by repeating the clustering 1000
times, with the different numbers of clusters. The most stable clustering is obtained with the
GaussianMixture algorithm and in particular when the requested number of clusters is 4 and 5.

Table 1: Rand index by clustering 1000 times, varying number of clusters.

Number of clusters 3 4 5 8
Mixture - 0.717 0.693 0.399

Kmedoids 0.331 0.383 0.287 0.388

Because they were the best options according to the BIC index and they have a satisfying Rand
score, the 4th and 5th options are kept. While doing the clustering with 5 different clusters, it
often resulted in an empty 5th cluster. Therefore, 4 different clusters is the selected optimal
number. The result of this clustering can be visualised in Fig. 5(a). A heat map from the input
features (Fig. 5(b)) is used to understand what differentiates clusters from each other.
Looking at those elements, the clusters can be characterized and described in the following way:

Cluster DESCRIPTION

1 Districts dominated by industrial, commercial, and administrative buildings
2 Residential belt around the lake, with high buildings density and low solar potential per capita
3 Peri-urban residential buildings, with low ERA density (i.e., single-family detached houses)
4 Peri-urban buildings with important solar availability (high roof on ERA ratio)

The hot water demand, along with the electrical demand, have the biggest influence on the
clustering as they can vary a lot according to the building type.



(a) Map of the canton of Geneva coloured by clusters. (b) Heat map evaluation of each feature for each cluster.
Features are evaluated on a scale of -2 to 2.
-2: Very low, -1: Low, 0: Average, 1: High, 2: Very High.
Missing cells correspond to a non-decisive case, indicated
by parsed values inside the cluster.

Figure 5: Clustering results and analysis on the canton of Geneva, operated with GaussianMix-
ture, 4 components and full covariance matrix.

3.1.3. Comparison of optimisation results with and without district typification

To ensure the validity of the method, one should ensure that when using typical districts to do
the optimisation (namely Representative districts (RD) approach in what follows), similar results
are obtained as the ones where every district has been optimised specifically (All districts (AD)).

To do so, the decision variables of the model and the resulting Key Performance Indicators
(KPI) are compared between the two approaches. The global mean obtained on the canton
of Geneva should show no significant distinction. The mean is weighted by the total ERA that
each cluster represents for RD. The intra-cluster variabilities are also compared to the standard
deviation computed over the whole canton.
Using an optimisation tool that models an energy hub and determines the best energy system,
finding the optimal energy system for the 468 districts of Geneva took 54h21m23s with AD and
48m18s with RD, i.e. a reduction in the calculation time of 98.5%. The comparison of their re-
spective decision variables and KPIs are shown in Fig.6(a) and Fig.6(b). The major diminishing
of the standard deviation for each evaluated metric confirms that the patterns among the inputs
that participated to create the district clusters are meaningful as well for patterns in the optimi-
sation results. Moreover, there was no significant difference between the mean obtained using
the AD or the RD approach, with two exceptions: the OPEX and Electrical Heater installation
size, which have high variability within the canton. Therefore, it is more difficult to accurately
represent these indicators with typical districts.

Nevertheless, the overall results obtained show an excellent performance of the method to
facilitate the optimisation of districts over a large scale.



(a) Main KPIs. CAPEX=Capital Expenditure, DHW=Domestic Hot Water, Elec=Electricity, OPEX=Operationnal Expen-
diture, PVP=Photovoltaı̈c Panel Penetration, SC=Self-Consumption, SS=Self-Sufficiency

(b) Installed capacity for the energy technologies. Boiler=Natural Gas Boiler, EH=Electrical Heater, HP=Heat Pump,
PV=Photovoltaı̈c Panel, WT =Water Tank

Figure 6: Comparison of results obtained with the two approaches. All districts stands for the
results obtained by optimising every district in the canton of Geneva, while Representative dis-
tricts is obtained by running the representative districts and scaling their solution to the districts
of their cluster. The figures in red indicate the representative difference between the two ap-
proaches.



4. Conclusion
The objective of this paper was to provide a method to enable urban energy modelling at a
large scale and high accuracy, for integrated and distributed systems. It uses the concept
of archetypes, introduced for buildings, and adapts it to the district scale by defining the low-
voltage transformer as the reference energy hub.
The method suggests the use of two clustering algorithms - Kmedoids and GaussianMixture,
depending on the data set - and provided as output the list of the districts labeled by cluster. It
was validated on a case study (the canton of Geneva), with the following conclusions:

• It can be delicate to determine the optimal number of clusters;

• The model solving computation time over the whole region was reduced by 98.5%, with
respect to the classic approach;

• The results between the two approaches show no significant difference with 4 clusters,
although the high variability of certain decisions can lack a good representation with this
approach.

The presented work opens up possibilities in the solving of more complex systems at an even
larger scale. However, its main limitation is the selected number of clusters, this parameter being
the most critical into the analysis of the energy system model results. Therefore, when planning
urban energy systems with this method, it will be essential to carry out a correct analysis of the
neighbourhood typology.
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of Energy SFOE as part of the SWEET project acronym. The authors bear sole responsibility
for the conclusions and the results of the presented publication.

Appendix A Algorithms

Algorithm 1 Find the optimal number of clusters for Kmedoids
Input: A set of observations y
Output: A vector Kopt counting the occurrences where a number of clusters has been deter-

mined as the best
1: Kopt ← 0
2: Bestscore← 0
3: for i ≤ 1000 do
4: for k = 2 ≤ 30 do
5: C← Kmedoids(y, nmedoids = k )
6: Compute SS(C), S(C) or CH(C)
7: if Index ≥ Bestscore then
8: Bestscore← Index
9: kbest ← k

10: end if
11: end for
12: Kopt(kbest )← Kopt(kbest ) + 1
13: end for
14: return Kopt



Algorithm 2 Find the optimal number of clusters for GaussianMixture
Input: A set of observations y
Output: Two vectors Kopt and Covopt counting the occurrences where a number of clusters has

been determined as the best
1: Kopt ← 0
2: Covopt ← 0
3: Bestscore← 0
4: for i ≤ 1000 do
5: for k = 2 ≤ 30 do
6: for shape ∈ {full , diag, tied , spherical} do
7: C← GaussianMixture(y, ncomponents = k , mcov = shape)
8: Compute AIC(C) or BIC(C)
9: if Index ≤ Bestscore then

10: Bestscore← Index
11: kbest ← k
12: shapebest ← shape
13: end if
14: end for
15: end for
16: Kopt(kbest )← Kopt(kbest ) + 1
17: Covopt(shapebest )← Covopt(shapebest ) + 1
18: end for
19: return Kopt, Covopt
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Abstract: 
The exponential growth in the number of papers published annually in the field of machine learning 
applications in energy systems presents a challenge to researchers seeking to conduct comprehensive and 
effective literature reviews. To address this issue, we took a systematic literature review approach with three 
distinct smaller case studies focusing on the application of machine learning in energy systems, namely:  

1. Machine learning in drilling  

2. Machine learning for rooftop solar energy potential quantification, and  

3. Machine learning in district heating and cooling in the context of seasonal thermal energy storages. 

In each case, we employed a systematic literature review methodology. For topic one, we utilized an existing 
comprehensive review to generate further insights and information. For topics two and three, we used 
predefined search criteria to conduct relevant publications in a systematic and reproducible manner. We 
investigate the state of the art of the use of machine learning in these distinct areas of inquiry, thereby 
facilitating the identification of research gaps. Ultimately, we compare approaches and models utilized in each 
field, identified common best practices, and propose methods to address potential challenges. 

Keywords: 

Energy systems, Machine Learning, Drilling, ATES, Roof Potential, Geothermal, Aerial Imaging, Renewable 
Energy, District heating and cooling, Seasonal Thermal Energy Storage 

1. Introduction 
Energy systems are the backbone of modern civilization and are critical to promoting environmental, economic, 
and social sustainability [1]. As energy systems become increasingly complex, they require higher reliability 
demands and offer greater degrees of freedom for practical enhancement of integrated multi-energy systems 
[2]. Machine learning-based data-driven models have emerged as a promising approach for significantly 
improving the overall usage rate of multiple energy sources, especially including renewable energies [3]. 
Machine learning can capture complicated mechanisms to increase prediction accuracy, make optimal choices 
based on detailed state information, and reduce computational time needed for energy system optimization [4, 
5]. In addition, machine learning has been applied to develop advanced energy storage devices and systems 
[6]. In this review, we explore three impactful applications of machine learning in energy systems and the 
challenges and limitations that must be addressed for further progress in this field. 

Case Study Approach 

We adopt a systematic literature review approach to investigate the state-of-the-art in application of machine 
learning by conducting three distinct case studies. The aim is to provide valuable insights into the potential of 
machine learning to solve complex problems across different fields. In the first case study, an analysis of a 
recent review paper on machine learning in drilling by Li et al. 2022 [7] is conducted to provide additional 
insights. The second case study focuses on the use of machine learning in rooftop solar energy quantification, 
while the third case study examines the use of machine learning in district heating and cooling in the context 
of seasonal thermal energy storages. These case studies showcase the application of machine learning in 
different sectors, such as load demand forecasting, design, cost, and control optimization. The specific 
machine learning techniques used, challenges faced, and an outlook in each field are presented. By exploring 
these case studies, this review paper aims to provide a comprehensive understanding of the state-of-the-art 
in the application of machine learning and its potential for solving complex problems in various fields. After 
introducing the applied methodology for each case study and the subsequently chosen selection of papers, 



we provide in the results section for each case study a case study results subsection followed by a short case 
study conclusion and outlook. We conclude with a summarizing conclusion and outlook across the case 
studies. 

2. Methodology 
Organizing and planning literature searches is a complex process that requires careful attention to several key 
categories. These include defining the scope of the literature, conceptualizing the topic, conducting a literature 
analysis, searching for relevant literature, and developing a research agenda. Various search processes have 
been introduced to enhance the quality of literature reviews, such as journal and database searches, keyword 
searches, backward and forward searches, and evaluation of the title and abstract of relevant literature [8]. To 
ensure effective literature searches, it is also recommended to gain a thorough understanding of the subject 
matter, test and apply a combination of search parameters, and use seminal sources to build the backbone of 
the literature review [9]. Our paper employs the Concept Matrix Method [10], which is aligned with these 
guidelines to ensure accurate and efficient collection, study, and categorization of the survey. In our case 
studies, we use relevant keywords to conduct literature searches on Google Scholar.  

 

The first case study focuses on machine learning in drilling, which is an enormously active research field. As 
one can see in Figure 1, the number of papers published per year on machine learning in drilling shows an 
exponential increase. A very recent and comprehensive review of Li et al.2022 [11] will here be our base of 
research, whose content we will analyze further in the following.  

 

 
Figure 1: Number of papers published for per year when searching for “machine learning” + “drilling” 
showing an exponential increase. 

 

The second case study explored the field of solar rooftop potential quantification by finally narrowing down to 
the search string "machine learning" + "solar energy" + "rooftop" + “quantification” + “urban” + "aerial image" 
+ "geographic information system" (cf. Figure 2).  

 

  

Figure 2: Steps involved in the refinement process for the case of solar rooftop potential quantification using 
machine learning. 
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The systematic literature search was undertaken in Google Scholar. Using the search string "machine learning 
"+ "solar energy "+ “rooftop yielded 3810 papers. The number of results was then reduced by inserting the 
term "urban" and “aerial image” to the search string to 61, resulting in the search string "machine learning"+ 
"solar energy"+ "rooftop"+ "aerial image"+ "urban". The results were narrowed down to 59 by excluding 
publications published on or before 2012. Adding the term "geographic information system" decreased the 
results to 21 for the search string "machine learning"+ "solar energy"+ "rooftop"+ “quantification” + "urban" + 
"aerial image"+ "geographic information system", which then where finally reduced to 12 papers due to 
accessibility (i.e. not open access) and relevance. 

During the systematic refinement process, it was observed that there is also an exponential increase in the 
number of papers published in the research area selected for systematic reviewing for the more general search 
string "machine learning "+ "solar energy "+ “rooftop" over the years (cf. Figure 3). 

 

 

Figure 3: Number of papers published for per year when searching for "machine learning "+ "solar energy "+ 
“rooftop" showing an exponential increase. 

The third case study examined the application of machine learning in district heating and cooling in the context 
of seasonal thermal energy storages. Be employing the search string "machine learning" + "district heating 
and cooling" + "seasonal thermal energy storage"  and limiting to articles published between 2010 and 2022, 
we obtained 46 potential articles. Figure 4 displays the number of articles in each year from 2010-2022. The 
46 papers were aging reduced to 7 papers based on the following criteria 1. papers that are not open access 
(21), 2. paper without machine learning application (11), 3. Papers without STES (6), 4. other papers (2), which 
were not relevant to the study. 

 

Figure 4: Number of papers published for per year when searching for "machine learning" + "district heating 
and cooling" + "seasonal thermal energy storage" showing an increase over the years on average. 

3. Results 

3.1. Machine Learning in Drilling 

The application of machine learning or artificial intelligence (AI) has become increasingly prevalent in various 
industries in recent years [11]. The transition from fossil fuels to renewables to reduce greenhouse gas 
emissions has led to the rise of renewable energy sectors, such as solar and wind energy, that provide heat 
and electricity [12,13]. While the share of renewable energy in Europe was 22.2% in 2021 [14], this is still 
insufficient to meet the renewable energy demands with respect to a climate neutral energy system in the near 
future [15]. As a result, new technologies are emerging and being developed to support this transition. One 
sector that requires attention and research to make it a mainstream energy source is geothermal energy, as 
the energy generation is marginal in both the European Union (3.2%) and Germany (2.5%), despite its potential 
[16,17,18]. The critical aspect of accessing geothermal energy is developing the reservoir using drilling 
techniques, which represent nearly 30% to 50% of the costs for a hydrothermal geothermal project and more 
than half of the total cost on Enhanced Geothermal Systems (EGS) [19]. However, there are also emissions 
in the drilling process which should be minimized, too [20]. The development of intelligent drilling and 
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completion technologies using machine learning has shown potential to improve the drilling process's 
efficiency and accuracy [7]. Our study builds upon the comprehensive literature review conducted by Li et al. 
[7] and strives to offer insights into the particular domains of drilling where machine learning can be applied, 
as well as the types of algorithms that can be leveraged for specific tasks to enhance efficiency [7]. Li et al. 
2022 [7] cite a total of 160 papers, include a number 137 in their analysis over the research fields (cf. Table 
1), from which we further analyze 124 while excluding papers where machine learning is not used. 

 
Figure 5: Number of used machine learning algorithms in the 124 papers cited in Li et al. 2022 [7] applying 
Machine Learning in Drilling 

Case Study Results 

There are numerous algorithms which have been used in the different papers analyzed by Li et al. 2022 [7] 
(cf. Figure 5) but among those only five algorithms are highly utilized in most of the fields, which are Artificial 
Neural Networks (ANN), Random Forests (RF), Support Vector Machine (SVM), Particle swarm optimization 
(PSO) and Genetic algorithms (GA) (cf. Table 1). These five commonly used algorithms are defined by us 
based on the repetition and total usage count not less than 10 times across the whole research fields in Li et 
al. 2022 [7]. Overall, ANNs define the by far most widely used approach and the usage of ANNs is popular in 
most fields (cf. Figure 6). 

 

  

Figure 6: Number of papers per research field in which ANNs were applied in comparison to the total 
number of papers addressing machine learning in Li et al 2022 [11] 
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Table 1: Research fields and number of the five most commonly used algorithms in each of these for the 
analyzed papers from Li et al. [7]. 

 

From Table 1, we get an impression of extensively and non-extensively used algorithms in different fields for 
the five commonly used algorithms.  Li et al. [7] analyzed 15 research fields in drilling where machine learning 
and physical models are used, and from those, whereas 13 fields utilized machine learning for various 
purposes [7]. Next to the five commonly used algorithms there are few others which are equally often used in 
some of the research fields, which we want to highlight in the following.  

 

 

From Figure 8, we observe that next to the five widely used algorithms, Multi-Layer Perceptrons (MLP) are 
commonly applied to predict the rate of penetration (ROP). Back Propagation Neural Networks (BPNN) 
outnumber the five common algorithms in the field of well bore flow behavior (cf. Figure 7). Of course, there 
are other fields where utilization algorithms next to the five highlighted ones is common - in any case, to achieve 
the desired results, multiple algorithms should be tested, and there might be no need to choose an algorithm 
over another. This analysis gives us an impression on how the different research fields of drilling are commonly 
approached with machine learning techniques.  

Depending on the type of process and thus data (dynamic and static) the selection and application of machine 
learning models is adapted also with respect to performance and robustness. In the two research fields “control 
of the drilling process” and “well trajectory design”, physical models and control systems were used for stability, 
control efficiency of the well, and as a strategy to control the trajectory [7]. There are also few fields where 
machine learning is partially used or not used at all, but instead, physical based models have been used, 
mostly to control the well trajectory from real time steerable systems (RSS) [7]. 

 
 
 

Algorithms

                                    Research Fields ANN RF SVM PSO GA

Down Hole Environment 4 1 0 0 1

Design and Optimization of Drilling Bit 5 1 0 1 1

Intelligent Prediction of ROP 6 3 3 3 1

Intelligent Optimization of ROP 3 3 0 1 3

Intelligent Design of a well trajectory 0 0 0 1 2

Real time evaluation and optimization of a well trajectory 0 2 0 2 0

Intelligent decision making and control of well trajectory 0 0 0 0 0

Intelligent Characterization of formation properties 3 1 1 0 0

Intelligent Description of wellbore flow behaviour 2 0 1 0 1

Intelligent prediction and diagnosis of drilling risk 6 4 5 1 0

Intelligent control of drilling process 0 0 0 0 0

Intelligent design of hydraulic fracturing 1 1 0 1 1

Intelligent warning and identification of fracturing event 0 1 1 0 0

Productivity prediction and fracturing parameter optimization 1 1 0 0 0

Intelligent completion design and optimization 2 0 1 1 0

Total 33 18 12 11 10

Figure 7: Algorithms used in Wellbore Flow Behavior Figure 8: Algorithms used in Prediction of ROP 



Case study Conclusion and Outlook 

The analysis which has been made shows that ANNs are highly used approach in most of the fields, the 
highest usage of ANNs is in “Intelligent prediction of ROP”, “Intelligent prediction and diagnosis of drilling risk” 
followed by “Design and optimization of drilling bit” and “Downhole environment perception”. There are few 
research fields where there is no use of ANNs like “Real time evaluation and optimization of a well trajectory”, 
“Intelligent design of a well trajectory”, “Intelligent warning and identification of fracturing event” instead other 
approaches like RF, SVM, PSO were used. As the dominance of ANNs is high one can try implementing them 
in fields where it has not been used much, yet. Furthermore, RF and SVM approaches were used highly only 
in “Intelligent prediction and diagnosis of drilling risk” and “Intelligent prediction of ROP”, thus, more studies 
and implementations could be made in other fields. In the research fields “Intelligent warning and identification 
of fracturing event” and “Productivity prediction and fracturing parameter optimization” the total use of machine 
learning is still quite low regarding the total number of papers analyzed by Li et al. 2022 [7], and thus maybe 
provide good research opportunities for the application of machine learning in drilling. 

 

3.2. Solar Rooftop Potential Quantification 

The utilization of solar energy for heat or electricity generation is a highly promising and sustainable alternative 
to the use of fossil fuels, and the rooftops of buildings represent an underutilized resource for solar power 
generation [21, 22]. To quantify the potential of rooftop solar energy at a large scale, it is necessary to 
determine the roof area of buildings that can receive solar radiation, calculate the total solar radiation obtained 
within the region based on meteorological conditions, and estimate the total solar energy potential with carbon 
emissions savings and the economic recovery period [23, 25]. However, determining the total roof area can 
be a challenging task, especially for large regions such as cities or countries [23]. To overcome this challenge, 
machine learning techniques have been developed to identify and quantify the roof area using aerial and 
satellite images [24, 26, 28]. This involves collecting initial data from sources such as Google Earth and 
Copernicus and using semantic segmentation architectures like U-net and Inception-resnet-v2 to identify and 
segment roofs in the images based on their pixel characteristics [21, 24]. The benefits of utilizing rooftop solar 
energy are significant, as it enables the local production of renewable power and has enormous potential for 
reducing greenhouse gas emissions [22, 27]. Studies have shown that rooftop solar energy has the potential 
to meet a significant portion of a region's energy demands, such as 22% of Europe's energy demand and 15-
45% of the energy needs of countries like the United States, Israel, Canada, and Spain [27]. Furthermore, in 
individual cities like Hong Kong and Seoul, rooftop solar energy has the potential to meet up to 14.2% and 
30% of energy demand, respectively [27]. Therefore, there is a clear need to further investigate the potential 
of rooftop solar energy at a large scale using machine learning and other innovative techniques. This study 
seeks to provide a systematic literature review of rooftop solar energy measurement based on aerial imaging 
and machine learning, analyzing various research papers published in this field to compare and address the 
advantages and disadvantages of different quantification strategies [21, 24, 26, 28]. By doing so, we hope to 
contribute to the development of more effective methods for quantifying rooftop solar energy potential, which 
can play a crucial role in the transition from fossil fuels to sustainable energy sources. 

Case Study Results 

All twelve articles obtained from the systematic literature review process in this study used Google earth as a 
source for input data. It was also observed that some studies also utilized open-source resources like 
Copernicus, Open Street Maps (OSM), technical details of PV systems, and aerial pictures accessible using 
Google Maps' static API. However, the article [24] states that private sources provide high-definition aerial 
photos for rooftop detection rather than public ones like Google earth.  

Semantic segmentation is a major step in the quantification process. It was observed that U-Net is used in 
most of the studies for semantic segmentation. CNN built on the U-Net is employed, because of its higher 
performance on small datasets [25]. The paper [26] compared EfficientNet-B3, Inception-resnet-v2, and VGG-
19, and Inception-resnet-v2 was chosen due to its superior performance. For semantic segmentation 
approaches with traditional supervised learning. The article [27] compared three semantic segmentation 
frameworks: U-Net, PSPNet, and Deeplabv3+ and U-Net was found to be performing better than the others. 

In a study conducted by [28] Rooftop Photovoltaic potential has been evaluated using a quick-scan yield 
prediction technique. It consisted of three primary components. Aerial footage was used to rebuild virtual 3D 
roof segments for each roof, which were then automatically fitted with PV modules using a fitting algorithm, 
followed by the calculation of predicted yearly production. After the results were obtained some of the studies 
had tried to check the accuracy. Twenty randomly chosen roofs were chosen by [29] to compare the model's 
predictions with estimated real values to assess the findings' accuracy. 

 

 



Some common challenges in in the application of machine learning for rooftop solar potential quantification 
are: 

▪ Failure to identify pre-existing solar panels: 

As observed in most of the papers, when the roof area was calculated, much research failed to consider 
pre-existing solar panels. No differentiation between rooftop space and other surfaces is conceivable within 
building footprints. This can result in incorrect categorization[30]. When we consider a large area with 
numerous buildings for the study, they can affect the final output. A machine learning model which can 
identify and discriminate solar panel area from the rest is crucial to obtain correct results. Apart from solar 
panels, the machine learning model must be able to distinguish objects like water tanks, Chimneys etc. 

▪ Limited resolution in the available data: 

Another Challenge faced by semantic segmentation is the least pixel count. Since the least count is 
restricted to a pixel, if the major portion of pixel is dominated by a particular object, the Machine Learning 
model identifies the entire pixel to be that object. Most of the studies though uses public sources like Google 
earth where semantic segmentation can only be done on available images in given course resolution. 

▪ Failure to identify inclined roofs: 

Since only the top view is taken into consideration, the calculated roof area of an inclined roof will be always 
less than the actual value. This can also have a huge impact on the final output. The machine learning 
model must be taught to consider this factor, while processing the data, as in some research like the one 
carried out by [31]. 

Case Study Conclusion and Outlook 

We have systematically reviewed papers in the field of application of machine learning rooftop solar energy 
quantification and One of the major challenges faced in the quantification process is the identification of 
preexisting solar panels during semantic segmentation. A solution to this was not identified in any of the papers 
reviewed and could subject to future research. 

. 

3.3. Machine Learning in District Heating and Cooling in the Context of Seasonal 
Thermal Energy Storages (STES in DHC) 

District heating and cooling (DHC) systems are an important part of the energy sector, providing sustainable 
solutions to communities. To improve the efficiency of DHC systems, machine learning techniques have been 
increasingly applied [33]. To supply energy to DHC systems, a source is required, and Seasonal Thermal 
Energy Storages (STES) can act as an energy source for DHC [34]. STES can help to manage the mismatch 
between the supply and demand of renewable energy systems, which may occur over seasonal and inter-
annual periods. There are four different types of STES: Borehole Thermal Energy Storages (BTES), Aquifer 
Thermal Energy Storages (ATES), Pit Thermal Energy Storages (PTES), and Tank Thermal Energy Storages 
(TTES) [35]. Therefore, this study focuses on investigating the application of machine learning in DHC 
networks with STES, with load/demand prediction, design, and control optimization as the main research 
categories [33]. This research is motivated by the need to improve the efficiency and reliability of DHC systems 
while reducing their environmental impact. 

Case Study Results 

The algorithms used in the seven articles are Artificial neural networks (ANN), genetic algorithms and Non 
dominant Sorting Genetic Algorithm NGSA-II, which is a multi-objective optimization algorithm which is again 
the extension of an original NGSA develop by Kalyanmoy Deb in 2022 [4]. Figure 9 gives number of articles 
used by machine learning methods. 

   
 

Figure 9: Number of articles with respect to the applied machine learning methods in District Heating and 
cooling in context of Seasonal Thermal Energy Storages 
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Various machine learning applications have been applied in different domains, including predictive 
maintenance, energy demand forecasting, control optimization, and anomaly detection. The papers addressed 
in this case study had application of machine learning in energy demand forecasting, control optimization, 
design, and fault detection, specifically in the context of Seasonal Thermal Energy Storages (STES), Aquifer 
Thermal Energy Storages (ATES), and Borehole Thermal Energy Storages (BTES). However, studies on other 
types of thermal energy storages, such as Pit Thermal Energy Storages (PTES) and Tank Thermal Energy 
Storages (TTES), were not present in the papers analyzed and thus not considered in this study. presents the 
distribution of studies across the various machine learning application categories. 

Machine learning applications are applied in differrent ways such as preditcitve maintanence, energy demand 
forcasting , control optimization, anomaly detection. Here in the study of the selected articles we came accros 
with the energy demand forecasting, control optimization, design and fault detection. Studies undergo with 
STES and Aquifer Thermal Energy Storages and Borehole Thermal Enrgy Storages are peformed here, 
whereas other thermal energy storages such PTES and TTES studies did not show up in the considered 
papers and are thus neglected. Table 2 shows the three different applied machine learning algorithms in the 
different categories of application. 

 

Table 2: Applied machine learning algorithms in different categories of application 

Category ANNs GA NSGA-II 

Energy demand forecasting 1   

Control Optimization  2 1 

Design, fault detection 1 1  

 

Further adressed aspects are: 

▪ In [37], the model predicts the signal of charging and discharging operation and belongs to the category of 
energy demand forecasting. It was validated to be used in other similar projects; both charging and 
discharging models have an average accuracy over 95%. 

▪ In [38], optimal based control and model predictive control were applied. MATLAB and a genetic algorithm 
were used to find an estimate of the global minimum, and a local non-linear minimization routine was used 
afterwards to refine the calculation.  

▪ In [39], TRNSYS system models and a so-called multi-objective building optimizer (MOBO) are combined 
to perform the optimization. For this study, the NSGA-II algorithm is used, because it can take care of the 
constraints, discrete and continuous variables for a multi-objective problem [39]. 

▪ In [40], the main objective is to development of a modeling environment able to effectively compare 
configurational and design choices for multi-energy systems. The core of the Model Predictive Control, that 
is the optimization function which is Genetic Algorithm,  receives information  on its settings from  the 
MATLAB organization layer. The role of the Genetic Algorithm is to find the optimal set of  instructions for  
the  generation  units  of the Test Facility  for  the next prediction  horizon. The Genetic Algorithm firstly 
defines a starting set of instructions following some preset rules. The optimizer then communicates the first 
set of instructions to the MPC-model. 

▪ In [41], artificial neural networks and geentic algorithms support the fault detection diagnosis. Since the 
models were trained with laboratory data or data coming from simulations only, they do not achieve a 
sufficient performance when working with online data. On the other hand, these kind of Fault Detection 
Diagnosis (FDD) applications show a very promising growth and may be a good option to solve complex 
FDD problems soon. 

 

In the papers analyzed there are different tools applied for modeling and for data collection. Among these, 
Transient System Simulation Tool (TRNSYS) seems to be a popular simulation tool within the selected papers 
which can provide simulated data, if no measured data is available. 

Case Study Conclusion and Outlook 

The application of machine learning in the energy sector is of utmost importance in the current context. The 
aim of this study was to provide insights on the use of machine learning in district heating and cooling (DHC) 
systems, specifically with regards to seasonal thermal energy storages (STES). Despite some research on 
STES, a comprehensive investigation on this topic remains limited, although Figure 4 depicts an upward trend 
from 2010 to 2022. The survey highlights the potential field of application of machine learning in various areas 
such as load demand forecasting, design, fault detection, and control optimization. Artificial Neural Networks 



were found to be the most used method due to their superior performance over other machine learning 
algorithms. Additionally, the TRNSYS simulation tool was predominantly applied for data simulation. 
Nevertheless, there is a need for more extensive research in the future to better apply machine learning in 
DHC with STES, including the development of innovative approaches to improve the collection and analysis 
of data. 

 

4. Discussion and Outlook 
This review paper has addressed applications of machine learning in three different energy systems. In all 
three case studies, we see a smaller to wider range of machine learning models used for various scenarios in 
developing the technologies, where ANNs are highly utilized machine learning approaches in both STES in 
DHC and Drilling. The ANN approach seems to have a high accuracy where prediction is involved as in STES 
in DHC the energy demand forecast model’s average accuracy is over 95%, also in drilling a lot of studies 
were made using ANNs, e.g. in the prediction of ROP and drilling risk. Genetic Algorithms (GA) on the other 
hand are mostly used in optimization scenarios in both drilling and STES in DHC. However, in the case of 
rooftop solar quantification, U-Net and inception resnet - v2 is highly used for semantic segmentation as they 
have higher performance on small datasets compared with others like PSPNet, Deeplabv3+, and VGG-19.  

Some of the possible prospects for development and future research in the considered three case studies 
would:  

1. Machine learning in drilling: application of promising machine learning algorithms in fields, where they were 
not applied, yet (cf. e.g., Table 1). 

2. Machine learning for rooftop solar energy potential quantification: developing techniques to identify pre-
existing solar panels and improving various methods to recognize inclined roofs.  

3. Machine Learning in district heating and cooling in the context of seasonal thermal energy storages: Due 
to the limited number of studies, there is a good potential for future research on the of application of machine 
learning in load demand forecasting, design, fault detection, and control optimization.  

 

5. Nomenclature 
AI  Artificial Intelligence 

ANN Artificial Neural Network 

ATES Aquifer Thermal Energy Storages 

BHA Bore Hole Assembly 

BPNN Back propagation neural network 

BTES  Borehole Thermal Energy Storages 

DHC District heating and Cooling 

DT  Decision tree 

EGS Enhanced Geothermal Systems 

FCNN Fully convolutional neural network 

FL  Fuzzy logic 

GA Genetic algorithm 

LSTM Long short-term memory neural network 

LWD Logging While Drilling 

ML  Machine Learning 

MLP Multi-layer perceptron 

MWD Measured While Drilling 

PSO Particle swarm optimization 

PTES  Pit Thermal Energy Storages 

RBF Radial basis function 

RF  Random Forest 

RSS Real-Time Steerable System 

STES Seasonal thermal energy storages 

SVM Support Vector Machine 

TTES Tank Thermal Energy Storages 
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Abstract:
The decentralisation and unpredictability of new renewable energy sources require rethinking our energy sys-
tem. Data-driven approaches, such as reinforcement learning (RL), have emerged as new control strategies
for operating these systems, but they have not yet been applied to system design. This paper aims to bridge
this gap by studying the use of an RL-based method for joint design and control of a real-world PV and battery
system. The design problem is first formulated as a mixed-integer linear programming problem (MILP). The
optimal MILP solution is then used to evaluate the performance of an RL agent trained in a surrogate environ-
ment designed for applying an existing data-driven algorithm. The main difference between the two models lies
in their optimization approaches: while MILP finds a solution that minimizes the total costs for a one-year op-
eration given the deterministic historical data, RL is a stochastic method that searches for an optimal strategy
over one week of data on expectation over all weeks in the historical dataset. Both methods were applied on a
toy example using one-week data and on a case study using one-year data. In both cases, models were found
to converge to similar control solutions, but their investment decisions differed. Overall, these outcomes are an
initial step illustrating benefits and challenges of using RL for the joint design and control of energy systems.

Keywords:
Energy systems, Design, Control, RL, MILP.

1. Introduction
1.1. Background and related work
The current transition to renewable energy sources requires rethinking new energy systems, characterized by
decentralized and intermittent production. The development of these systems typically occurs in two distinct
steps, namely the design and control of these systems. The design problem involves identifying the design
variables which are the optimal size of energy system components. The control problem aims to determine
the control variables which are the optimal actions to operate the energy system components. Both design
and control problem should jointly minimize a cost function and are typically solved sequentially. This paper
explores the value of solving the design and control tasks, using a reinforcement learning (RL) method as ap-
propriate design is intrinsically linked to subsequent operation. To evaluate the effectiveness of this approach,
its performance are compared with that of the Mixed Integer Linear Programming (MILP) method.
On the one hand, RL is a data-driven approach where an agent learns to make decisions in a dynamic envi-
ronment through trial-and-error experience. It involves an agent interacting with an environment and receiving
feedback in the form of rewards or penalties based on its actions, with the goal of maximizing its cumulative
reward over time. On the other hand, Mixed Integer Linear Programming (MILP) is a mathematical optimiza-
tion technique used to solve problems with linear constraints and integer variables. It involves formulating a
mathematical model of the problem and using an optimization algorithm to find the best solution. Both RL and
MILP methods will be used to benchmark the results of a one-year time series.
As highlighted in a recent review [1], RL-based approaches have significant potential, yet not fully exploited, in
the energy field. Specifically, the review points out that energy systems are typically designed using either MILP
or heuristic methods, with RL approaches dedicated to their control. Integrating RL beyond energy flow control
would open new interesting research questions. In [2], RL is used to support distributed energy system design
due to its flexibility and model-free nature, which allows it to be adapted to different environments at different



scales. However, they did not simultaneously address the dispatch and design problem as a distributed reward
problem, as done in this work. Instead, they used a cooperative coevolution algorithm (COCE) to assist the
optimization process. Jointly addressing the design and operation of energy systems is a key issue, especially
for multi-energy systems, as discussed in [3], where multi-objective evolutionary algorithms (EMOO) and MILP
are used to integrate biomass technologies in a multi-energy system. In [4], the focus is on evolution algorithms
and their comparison with deep reinforcement learning strategies. After clarifying the fundamental differences
between the two approaches, the discussion revolves around their ability to parallelize computations, explore
environments, and learn in dynamic settings. The potential of hybrid algorithms combining the two techniques
is also investigated, along with their real-world applications.
RL-based frameworks are successfully applied to the operation of energy systems [5], although these methods
have not, to the authors’ knowledge, been extended to solve real-world design problem in energy system. As
reviewed in [6], RL-based frameworks are popular for addressing electric vehicle (EV) charging management,
mostly with variants of the DQN algorithm, and outperform other traditional methods. In [7], various deep RL al-
gorithms are benchmarked against rule-based control, model predictive control, and deterministic optimization
in the presence of PV generation. The study, which aims to increase PV self-consumption and state-of-charge
at departure, demonstrates the potential of RL for real-time implementation. For solving V2G control under
price uncertainty, [8] modeled the problem with a Markov Decision Process (MDP) [9], a mathematical frame-
work for modeling system where stochasticity is involved. Additionally, a linear MDP formulation is also used
in [10] to address the coordination of multiple charging points at once. Finally in [11], a data-driven approach
is defined and evaluated for coordinating the charging schedules of multiple EVs using batch reinforcement
learning with a real use case. In conclusion, these studies provide valuable insights and tools for optimizing
and improving energy systems, demonstrating the potential of RL to tackle the operation of complex energy
systems.
1.2. Contribution
This work aims to evaluate the relevance of jointly designing and controlling an energy system using a deep RL
approach. To achieve this purpose, two methods are benchmarked to address jointly the design and control
problem of a real-world PV-battery system. The first method, MILP, computes the optimal design and control
solution over a sequence of historical data. The second method, RL, computes the optimal design and a
control policy through interactions with a simulator by trial and error. The specific RL algorithm used in this
study is referred to as Direct Environment and Policy Search (DEPS) [12]. DEPS extends the REINFORCE
algorithm [13] by combining policy gradient with model-based optimization techniques to parameterize the
design variables. In this framework, an agent looks for the design and control variables that jointly maximize
the expected sum of rewards collected over the time horizon of interest. The outcomes of both methods are
discussed in the subsequent sections of this paper.
This paper is structured as follows. Section 2. provides two formulations of the energy system, one designed
for MILP and the other for RL, and discusses the methodology used to benchmark the results. In Section 3.,
the outcomes of the study are presented, and these results are discussed in Section 4., with a focus on the
potential of RL for joint design and control of energy systems. Finally, the paper concludes with a summary in
Section 5..

2. Method
2.1. Problem statement
The study is carried out for the energy system illustrated in Figure 1, whose components are detailed in the
subsections below. Overall, the system refers to an office building that has been fitted with a PV installation and
a stationary lithium-ion battery to meet its own electricity consumption. Additionally, the building is connected
to the electricity grid.
The objective of the study is to jointly propose a design of the PV and battery components, as well as a control
strategy of the described energy system in order to minimize the total cost of its ownership. In the following
Subsection 2.2., the system is expressed as a mathematical program made-up of constraints and objectives.
To be more precise, it is tackled as a Mixed-Integer Linear Program. Subsection 2.3. formulates a surrogate
environment as an MDP. The latter represents the same dynamics and rewards as the original problem but the
objective is to maximize the sum of rewards gathered over one week on expectation over the 52 weeks of the
year of data. By doing so, it allows the use of the RL algorithm and expects the optimal solution to be close to
the solution of the original problem. Results are discussed in Section 3.. Finally, for both methods, the energy
system is studied over a finite time horizon T , on which all costs are evenly distributed across each time step
t . The methodology and the context of the experiments conducted are specified in Subsection 2.4..



Figure 1: The energy system to be jointly designed and controlled is characterized by an electrical consump-
tion, a battery, a photovoltaic system, and a grid connection. The design problem consists of determining the
photovoltaic power and battery capacity, while the control problem aims to regulate the charging and discharg-
ing of the battery, as well as the import (resp. export) of electricity to (resp. from) the grid. The overall objective
is to meet the electrical consumption needs while minimizing the costs of installing and operating the system.

2.2. Energy system
This subsection describes the physical constraints that apply to the components of the energy system. Theses
components, in sequential order, consist of the PV panels, the battery, the electrical load and the power grid.
The set of design and control variables and the parameters of the whole system, which is modeled as a
discrete-time system, are gathered respectively in Table 1 and 2, respectively.

Variable Set Unit Description

G
R

ID P IMP RT
+ kW imported power (from the grid)

PEXP RT
+ kW exported power (to the grid)

P
V PNOM R+ kWp nominal power of the PV installation

B
AT

T
E

R
Y B R+ kWh nominal capacity of the battery

SOC RT
+ kWh state of charge of the battery

PB RT kW power exchanged with the battery

Table 1: Set of design and control variables of the energy system studied.

PV system

The objective of the PV installation is to generate electricity on-site to fulfill the local electricity demand. The
design of this component is one of the two design variables that will result from the optimization process.
The range of the suitable nominal power PNOM, corresponding to its design variable, is set in Eq. (1) and the
production at time t is directly proportional to this nominal design variable as shown in Eq. (2). The normalized
annual curve pPROD

t corresponds to the actual hourly averaged PV production power of the building.

PNOM
MIN ≤ PNOM ≤ PNOM

MAX (1)

PPROD
t = PNOM · pPROD

t (2)

The CAPEX and OPEX values, which are respectively the initial investment and the annual maintenance cost,
of the installation are made up of a fixed and a variable part to take account of potential scale effects.

CXPV = CXFIX
PV + CXVAR

PV · PNOM (3)
OXPV = OXFIX

PV + OXVAR
PV · PNOM (4)



Parameter Value Set Unit Description

G
R

ID

C IMP
GRID 1 R e/kWh imported electricity price

CEXP
GRID -0.05 R e/kWh exported electricity price

CGRID RT e electricity network cost
PMAX

GRID 10’000 R+ kW grid connection power

P
V

PNOM
MIN 0 R+ kWp minimal nominal PV power

PNOM
MAX 200 R+ kWp maximal nominal PV power

PPROD RT
+ kW generated PV power

P
PROD RT

+ kW expected generated PV power
pPROD RT

+ kW normalised PV power
LPV 20 N years PV lifetime
RPV R+ - annuity factor
OXFIX

PV 3 R+ e OPEX PV fixed cost
OXVAR

PV 10 R+ e/kW OPEX PV variable cost
CXFIX

PV 50 R+ e CAPEX PV fixed cost
CXVAR

PV 200 R+ e/kW CAPEX PV variable cost

B
AT

T
E

R
Y

BMIN 0 R+ kWh minimal nominal battery capacity
BMAX 200 R+ kWh maximal nominal battery capacity
ηB 0.9 ]0, 1] - battery efficiency
LB 30 N years battery lifetime
RB R+ - annuity factor
OXFIX

B 5 R+ e OPEX Battery fixed cost
OXVAR

B 6 R+ e/kW OPEX Battery variable cost
CXFIX

B 30 R+ e CAPEX Battery fixed cost
CXVAR

B 110 R+ e/kW CAPEX Battery variable cost

S
Y

S
T

E
M

T N - time horizon
∆t 1 RT

+ h time steps
ht [0 : 23] h hour of the time step
r 0.05 R - discount rate
PLOAD RT

+ kW uncontrollable electricity consumption
P

LOAD RT
+ kW expected electricity consumption

Table 2: Set of parameters of the energy system studied.

Battery

To maximize the potential for on-site self-consumption, a stationary lithium-ion battery is available. The design
of this component, corresponding to its capacity B, is the second design variable to determine during the
optimization process. This battery capacity can vary in the range of Eq. (5).

BMIN ≤ B ≤ BMAX (5)

The state of charge variable, SOCt , changes as a function of the power exchanged with the battery denoted PB
t .

This power is constrained, for charging, by the nominal capacity, Eq. (6), and, for discharging, by the energy
stored, Eq. (7). Additionally, the battery efficiency, denoted ηB, is assumed identical for both the charging and
the discharging processes.

PB
t ≤ B − SOCt

∆t
if PB

t ≥ 0 (6)

PB
t ≥ −SOCt

∆t
if PB

t ≤ 0 (7)

Knowing the power exchanged with the battery, the state of charge can be updated:

SOCt+1 =

{
SOCt + PB

t · ηB ·∆t if PB
t ≥ 0

SOCt + PB
t

ηB ·∆t if PB
t < 0

(8)

At the beginning of the optimization, i.e., t = 0, the battery SOC is set to half of its capacity value, to initialize
the model. Moreover, to avoid any artificial benefit, the final SOC is constrained to be equal to the initial value,



as formulated in Eq. (10).

SOCt=0 =
B
2

(9)

SOCt=0 = SOCt=T (10)

Similar to the PV plant, the CAPEX and OPEX of the battery consist of both fixed and variable parts.

CXB = CXFIX
B + CXVAR

B · B (11)
OXB = OXFIX

B + OXVAR
B · B (12)

Electrical load

The electrical load used in this project is real data from an office building in Switzerland. This consumption is
monitored on an hourly basis and reflects the consumption patterns of office days. This building load power,
PLOAD

t , is provided as input and corresponds to an actual measurement sampled by hours over a year.
Electrical grid

To absorb excess solar production or to meet the electricity consumption in the absence of local production,
the system is connected to the low-voltage electrical grid. This connection is modeled here as a single balance
equation, called the conservation of electrical power, shown in Eq. (13). The power imported from the grid is
referred to as P IMP

t and the power injected is referred to as PEXP
t .

PPROD
t + P IMP

t = PLOAD
t + PB

t + PEXP
t (13)

The grid power value at each time t is derived from Eq. 13, and the power limit can be described as follows.

0 ≤ P IMP
t ≤ PMAX

GRID (14)
0 ≤ PEXP

t ≤ PMAX
GRID (15)

Based on the import and export power, the total cost of supplying electricity through the network CGRID can be
computed.

CGRID =
T−1∑
t=0

CGRID,t =
T−1∑
t=0

P IMP
t · C IMP

GRID,t − PEXP
t · CEXP

GRID,t (16)

Objective function

The objective of this study is to propose a design for the PV and battery components, along with their dispatch,
with the aim of minimizing the total cost of ownership. This objective function, of minimizing the overall cost of
the system, can be formulated as follows.

min TOTEX (17)

The total cost of the system, denoted TOTEX, is composed of the CAPEX and OPEX of both PV and battery
components, as well as the grid cost.

TOTEX = OPEX + CAPEX + CGRID (18)
OPEX = OXpv + OXB (19)

CAPEX = CXpv · Rpv + CXB · RB (20)

The OPEX and grid cost are computed over a finite time period T . However, the CAPEX is an investment cost
that is independent of T . To enable the adaptation of the investment cost to the project duration, an annuity
factor R adjusts the CAPEX for the finite time horizon T . This annuity factor is computed according to Eq. (21),
by taking into account the values of T , the annual discount rate r , and the lifetime L of the component. This
formula includes a scaling factor T

8760 to adapt R to the period T , based on the assumption that T is expressed
in hours since 8760 is the number of hours in a year.

R =
r · (1 + r )L

(1 + r )L − 1
· T

8760
(21)

2.3. MDP formulation
This section presents an alternative formulation of the problem as a Markov Decision Process (MDP), which is
a well-established framework for modeling sequential decision-making problems. This alternative formulation
is required for applying DEPS. More precisely, an MDP(S, A, P, R, T ), as presented below, consists of the
following elements: a finite set of states S, a finite set of actions A, a transition function P, a rewards function
R, and a finite time horizon T .



State Space

The state of the system can be fully described by

st = (ht , dt , SOCt , P
PROD

t , P
LOAD

t ) (22)
∈ S = {0, ..., 23} × {0, ..., 364} × [0, B] × R+ × R+ (23)

• ht ∈ {0, ..., 23} denotes the hour of the day at time t . The initial value is set to 0.

• dt ∈ {0, ..., 364} denotes the day of the year at time t . The initial value is set randomly.

• SOCt is the state of charge of the battery at time t , this value is upper bounded by the nominal capacity
of the installed battery B. The value is set initially to a random value during the training process and to
half of its capacity during the validation process.

• P
PROD

t represents the expected PV power at time t . This value is obtained by scaling normalized historical
data pPROD

t with the total installed PV power (PNOM) and considering ht and dt values.

• P
LOAD

t denotes the expected value of the electrical load at time t . The load profile is determined using
historical data that corresponds to the same hour and day as the PV power.

Action Space

The action of the system corresponds to the power exchanged with the battery.

ãt = (P̃B
t ) (24)

After projecting the action to fall within the acceptable range specified by Eq. (6) and (7), the resulting value is
used as at , as shown in Eq. (25). This corresponds to the power exchanged with the battery, denoted PB

t , this
value is positive when the battery is being charged and negative when it is being discharged.

PB
t =


B−SOCt

∆t if P̃B
t > B−SOCt

∆t
SOCt
∆t if P̃B

t < − SOCt
∆t

PB
t otherwise

(25)

Transition Function

Each time step t in the system corresponds to one hour, which implies the evolution specified in Eq. (26) of
the state variable h and every 24 time steps, the day is incremented by 1.

ht+1 = (ht + 1) mod 24 (26)

dt+1 = Int(
ht + 1

24
) (27)

where the function Int takes the integer value of the expression in Eq. (27).
The SOCt of the battery is updated as Eq. (8), based on the projected action value, and all other state variables
are taken from input data.

P
PROD

t+1 = pPROD
ht+1,dt+1

· PNOM (28)

P
LOAD

t+1 = pLOAD
ht+1,dt+1

(29)

Reward Function

The reward signal to optimize the agent’s actions in RL serves a similar aim as the objective function in the
MILP formulation. Therefore, the reward here is the opposite value of the TOTEX defined at Eq. (18). This
cost is composed of (i) the investment cost, (ii) the operating cost and (iii) the cost from the purchase and
resale of electricity from the grid defined in Eq. (16).

rt = −TOTEXt (30)
= −CAPEX − OPEX − CGRID,t (31)
= −CAPEX − OPEX − P IMP

t · C IMP
GRID,t + PEXP

t · CEXP
GRID,t (32)

where the grid cost is the only time-dependent factor, while CAPEX and OPEX are fixed values for a specific
value of PNOM and B.



2.4. Methodology
This subsection discusses the fundamental differences between the two methods (i.e., MILP and RL), along
with the experimental protocol that was employed to compare the results. As discussed briefly earlier, although
the same problem is aimed to be solved, the methods under study are fundamentally different.
MILP is a method for solving problems that involves optimizing a linear function of variables that are either
integer or constrained by linear equalities, as the problem described in Subsection 2.2. The MILP algorithm
solves the optimization problem by iteratively adjusting the values of the design and control variables, subject to
the constraints, until it finds the optimal solution that maximizes or minimizes the objective function, depending
on the problem’s goal. This method is applied to the problem described in Subsection 2.2. over a one-year
time horizon (T = 8760). The solution is said to be computed with perfect foresight meaning that all variables
are selected accounting for the future realization of (normally unknown) events in the time series, providing
an optimistic upper bound on the true performance of the control and design. Concretely, the MILP problem
is here encoded in the Graph-Based Optimization Modelling Language (GBOML) [14] paired with the Gurobi
solver [15].
In contrast, RL is a stochastic optimization method that learns from experience through trials and errors. In
this study, we use DEPS [12], an algorithm optimizing design and control variables in an MDP, as the one
described in Subsection 2.3., with a finite-time horizon. The agent receives feedback in the form of rewards
when it selects a particular design and performs specific actions. The objective of the agent is to maximize the
expected cumulative reward, which drives it to learn a design and a control policy. Ideally, as with MILP, the time
horizon should be annual, or cover the entire lifetime of the system, taking into account seasonal production
and consumption fluctuations and/or equipment aging. However, such extended time horizons are unsuitable
for this RL approach. Therefore, to strike a balance between a horizon that is short enough for DEPS and long
enough to observe the consequences of decisions on the system, a horizon of T = 168 hours, i.e., 7 days,
is defined. Additionally, for each simulation, the initial day is sampled uniformly from the year-long data set
and the initial state-of-charge of the battery is also sampled uniformly at random. As the reward is optimized
on expectation over all days, the resulting design and control policy is expected to account for the seasonality
and other different hazard in the historical data. The DEPS algorithm is trained on a predetermined number of
iterations. The PV power and battery capacity values obtained from the last iteration of the algorithm are then
taken as the values of the design variables and the final policy is used for the control.
Unlike MILP, the RL method does not secure optimality, therefore the experimental protocol aims to compare
both results to see how far the RL solution is from the optimal one. The experimental protocol is conducted in
two distinct scenarios to differentiate the impact of adding the design variables in the joint problem. The first
control-only scenario (CTR) assessed the control variables when the design variables are fixed. The second
scenario, considering both the control and design (CTR & DES) problem, allows for flexibility in designing the
battery capacity and PV power, the two design variables. To benchmark the performance of both methods in
each scenario (i.e., CTR and CTR & DES), the reward and income value are reported. The reward value is
computing according to Eq. (32) for the RL method. To estimate the average reward value for the MILP method,
all reward values rt are averaged over time horizons of T = 168. Comparing the average cumulative reward
value of the MILP method to that of the RL method provides a first benchmark for evaluating the performance
of both approaches. However, as shown in Eq. (32), only the grid cost is time-dependent, while the CAPEX and
OPEX depend solely on investment decisions. Therefore, the income value is defined as the average reward
value, but it only includes the grid cost and can be computed as follows:

Income =
T−1∑
t=0

−P IMP
t · C IMP

GRID,t + PEXP
t · CEXP

GRID,t (33)

Finally, the experiments are performed in two steps. First, to perform a simple comparative study, working
on a same finite time horizon T = 168, both methods are conducted using data from a single summer week.
Second, the data set is extended to include the one-year data set.

3. Results
The energy system presented in Section 2. is solved using the RL and MILP approaches with parameter values
listed in Table 2. To differentiate the performance of the DEPS algorithm for control and design aspects, the
study is conducted in two distinct scenarios. The first control-only scenario (CTR) assessed the control aspect
for fixed design variables, meaning that the PV power and battery capacity are fixed. The second scenario,
considering both the control and design (CTR & DES) aspects, allows for flexibility in designing the battery
capacity and PV power. The two following subsections describe the results of the study performed in two steps,
over the one-week and one-year data set, respectively.



3.1. A one-week toy example
In order to perform a simple comparative study, both CTR and CTR & DES analyses were conducted using
data from a single summer week. This enables to optimize both methods on the same time horizon. This
means training the RL algorithm on the same 168 time steps, with an initial day uniformly randomly selected
over the week but an initial hour fixed at midnight. Additionally, during the training phase, the battery’s initial
SOC is uniformly sampled such that the RL algorithm is presented with a large variety of scenarios for improving
the quality of the learned policy. The results for both the CTR scenario, where the design variables (i.e., the
PV power and battery capacity) are fixed, and the CTR & DES scenario, where the PV and battery design
variables are optimized in addition to control, are presented in Table 3.

Unit Optimal RL Optimal MILP MILP solution based
solution solution on RL design

C
T

R

T hours 168 168
Reward e -66 -66
Income e -30 -30

C
T

R
&

D
E

S T hours 168 168 168
Reward e -40 -46 -53
Income e -4 0 -17

Battery capacity kWh 62 40 62
PV power kWp 41 103 41

Table 3: Results of RL and MILP solutions on one-week data for control-only (CTR) and control and design
(CTR & DES) scenarios. T denotes the time horizon in hours, while income represents the cost of buying and
selling electricity from the grid, reward is the average cumulative reward value, and battery capacity and PV
power indicate the values of design variables, which were set to 31.89 kWh and 55.81 kWp, respectively, in
the CTR scenario. In the RL model, reward and income values were obtained by reloading the trained model
with the determined design variables. Results were computed using an initial state of charge of the battery set
to 50% of its capacity for both models. However, the RL model does not take into account the Eq. (10).

3.1.1. RL and MILP optimal objective values are similar in both scenarios but with different designs
in the control and design scenario.

Table 3 shows that in the CTR scenario, the results of the RL approach are similar to those of MILP. This
confirms that the DEPS algorithm is able to converge to the optimal solution of this specific problem. In the
CTR & DES scenario, RL design variables differ from the MILP solution, resulting in an unexpected higher
reward value (-40) than the MILP optimal one (-46). A detailed analysis reveals that this unexpected higher
value is due to Eq. (10), which is not imposed in the MDP. In order to validate this analysis, the additional grid
cost needed to fulfill Eq. (10) has been computed, taking into account the battery’s final SOC obtained with the
RL approach. As a result, the reward value has increased to -67 (instead of -40). This clearly highlights the
importance that Eq. (10) plays in term of overall objective.
3.1.2. The CTR & DES scenario highlights differences in RL and MILP strategies.

It is seen from Table 3 that in the second scenario, the optimal design variables of the RL and MILP solutions
differ. Finding different values in design variables shows that the DEPS algorithm is able to identify solutions
with comparable reward but using different design strategies. In order to study the sensitivity of the optimal
solution, the MILP method was applied by imposing the design variable values obtained with the RL, as it can
be seen in the last column of Table 3. This indicates that the RL design solution is less optimal (-53) than the
MILP one (-46).
3.2. A one-year case study
Optimal solutions of RL and MILP methods in both scenarios are now computed using data from a full year.
The time horizon for the RL algorithm is still equal to T = 168, but the starting days are uniformly randomly
selected over the year. The RL algorithm is trained over a pre-determined number of 100’000 iterations and
the values of the RL design variables considered are the ones from the final iteration. The results are shown
in Table 4.
3.2.1. The difficulty of generalizing a policy with stochasticity in the model and on the estimation of

the expectation

It can be seen from Table 4 that in both the CTR and CTR & DES scenarios, the optimal reward obtained
by the RL method is poorer than the MILP optimal rewards. Furthermore, as depicted in Fig. 2, due to the
significant variations in the input data, the reward and income values exhibit substantial fluctuations across



Unit Optimal RL Optimal MILP MILP solution based
solution solution on RL design

C
T

R

T hours 168 8760
Reward e -268 -228
Income e -220 -196

C
T

R
&

D
E

S T hours 168 8760 8760
Reward e -250 -205 -247
Income e -208 -164 -218

Battery capacity kWh 44 95 44
PV power kWp 57 81 57

Table 4: Results of RL and MILP solutions on one-year data for CTR and CTR & DES scenarios. T denotes
the time horizon in hours, while income represents the cost of buying and selling electricity from the grid,
reward is the (expected) cumulative reward value, and battery capacity and PV power indicate the design
variable values, which were set to 64.9 kWh and 63.65 kWp, respectively, in the CTR scenario. The RL
solution is based on the trained model to determine the reward and income values, based on an average of
1’000 simulations over T = 168. The MILP solution is computed for a one-year time horizon (T = 8760). Both
models use an initial state of charge (SOC) of the battery set to 50% of its capacity. However, the MILP model
has an additional constraint specifies in Eq. (10).

iterations.

Figure 2: Value of reward and income obtained by the DEPS algorithm at each iteration for both scenarios.
The left plots show the reward and income values for the CTR scenario, while the right plot shows the same
values for the CTR & DES scenario. The light curve shows the exact values for each time step, while the dark
curve displays the corresponding smoothed values. In the CTR scenario, the difference between the reward
and income values remains constant at 31.93 due to fixed design variables, with a battery size of 64.9 kWh
and a PV power of 63.65 kWp. However, in the CTR & DES scenario, the battery size and PV power output
vary from 0 to 200 kWh and kWp, respectively.

During training in the CTR scenario (Fig. 2, left), the RL model achieved maximum reward and income values
of -180 and -131, respectively, which are significantly better than the final results obtained from both methods in
Table 4. This could suggest that depending on the set of weeks that are averaged at each iteration, it is possible
to obtain a better or worse reward. Therefore, it seems important to work with a sufficiently representative
number of weeks throughout the year. A similar observation can be made in the CTR & DES scenario, where
the maximum reward and income values achieved were -195 and -148, respectively (Fig. 2, right).



3.2.2. The RL method seems to promote lower design variable values

From Table 4 it is also seen that the RL approach seems to promote solutions involving lower values of design
variables. To further investigate the reasons underlying this result, the design variables for the evolution of the
battery capacity and PV power, during the training process, are reported in Fig. 3 in the CTR & DES scenario.

Figure 3: Value of design variables in the RL approach at each iteration, in the CTR & DES scenario. The RL
algorithm converges at the final iteration to a battery capacity of approximately 44 kWh and a PV power output
of around 57 kWp.

As indicated in Table 2, the design variable values can range from 0 to 200. However, it can be seen that higher
values are not explored by the RL method. This latter resulted, at the last iteration, in design variables of 44
kWh for battery capacity and 57 kWp for PV power. During the training phase, the maximum values reached
were 59 kWh and 90 kWp for battery capacity and PV power, respectively. This maximal explored battery
capacity value is lower than the optimal one found by the MILP approach (95 kWh). Thus, the RL solution of
the PV power value is expected to be lower. Indeed, the reward value is penalized if the RL agent injects PV
production into the grid, since the cost of exported energy into the grid (Cexp

grid ) is defined as a negative value in
Table 2. Consequently, limited battery capacity intrinsically causes a lower PV power value.

4. Discussion
This section discusses the main observations that can be drawn from solving a battery-PV system with both
RL and MILP approaches using the one-week and one-year data set.

4.1. The promises of RL for joint design and control of energy systems
The motivation for this study was to explore the potential of RL to enable joint control and design of energy
systems. Tables 3 (one-week data) and 4 (one-year data) show that RL provides a solution that is close to
the optimal MILP one. This is encouraging as it suggests that despite RL relying on a different optimization
strategy, it is able to identify a meaningful solution in a simple case. However, the difference of reward value
between MILP and RL increases when integrating design variables to the optimization problem, i.e., CTR &
DES scenarios in Tables 3 and 4. Interestingly, the solutions for design variables are consistently smaller in
RL as compared to MILP. Furthermore, from Fig. 3, it can be seen that the RL algorithm did not explore higher
design variable values in the one-year case study. This observation can be explained by two possibilities: first,
DEPS is a local-search method that is thus subject to converging towards local extrema. Once the control policy
is too specialised to the investment parameters (under optimization too), these parameters are thus expected to
be locally optimal and the algorithm is stuck. Second, the RL algorithms is subject to many hyperparameters to
which the final results are sensible, it is possible that a different policy architecture, learning rate, or simply more
iterations would ameliorate the performance of the method. Supporting the first explanation is the similarity
between the reward values of the RL (-250) and MILP, based on same investments, (-247) approaches for the
CTR & DES scenario with T = 8760 (Table 4). Hence, in this specific energy system case study, it could be
likely that the RL algorithm did not deem it advantageous to enhance the value of the design variables for either
one or both of the two reasons stated.
Overall, these results show that RL provides realistic control and design strategies. Based on this, RL could
be used to define new real-time control strategies integrating design constraints, and that are less sensitive
to linearization inaccuracies [16], [17]. Given the differences in how uncertainties are accounted for by both
methods, RL could also be a better candidate to integrate resources coming with high levels of uncertainty
such as electric mobility.



4.2. Technical challenges and future directions
The main technical challenges encountered in this study are essentially the ones inherent to RL methods.
First, various parameters need to be tuned: neural network architecture for the policy, the batch size for the
optimization, the learning rate, or the different scaling among others. These parameters were tuned by trial and
error and would need to be adapted to each new application. For example, the number of layers required in the
one-year case study was larger than for the one-week toy example. Second, convergence of the RL method is
not guaranteed, and when convergence happens, the solution is not guaranteed to be globally optimal. Third,
as illustrated here above for the results of Figure 3, determining the number of iterations (set to 100,000 for the
training phase in all our experiments) is also crucial and might affect RL solutions. Therefore, comparing RL
and MILP solutions is not trivial because its is difficult to compare perfect foresight with policy based decisions.
This should be accounted for when analyzing results from Tables 3 and 4.

From a technical point of view, future work will aim at using more advanced RL methods. In particular, the RL
algorithm used here is a modified version of the REINFORCE algorithm [13], which was developed in 1992
and is one of the earliest RL algorithms. Today, more advanced algorithms are available for control problems,
which can converge more rapidly or account for infinite time horizons, such as actor-critic algorithms (e.g.,
PPO [18] and GAE [19]), but are yet to be adapted to joint design and control. In terms of applications, future
work will aim to better evaluate the added value of RL by assessing the long-term performance of real-time
sized systems. For example, a control framework could be developed to establish an operation strategy for
the MILP-sized system. The framework would then be evaluated using several years of real-time data from
the same system used for design. The same exercise would be applied to the trained model of the DEPS
algorithm and performance obtained from several years of system control would be benchmarked, and the
impact of design decisions could be discussed with more perspective.

5. Conclusions
In most studies, MILP is used for the design of energy systems and RL for the control. On the one hand, MILP
assumes a perfect foresight of the future and is difficult to generalize to new data. On the other hand, RL
methods proved to be efficient in other tasks linked to design and control but not on energy systems. In this
study, we assessed the potential of an RL method, DEPS, i.e. an RL algorithm proven efficient for designing
and controlling complex systems, for the joint design and control of energy systems.
The energy system studied is a PV-battery system used to answer a real-life demand in order to minimize
the overall cost. In order to assess the efficiency of the RL method, we compared the outcomes with those
obtained with a MILP. As these two approaches are fundamentally different, the optimization problem was
formulated in two distinct ways: first as a MILP and second as an MDP. The methodology and experimental
context were clarified to facilitate the discussion of results and have a fair comparison. Both approaches are
discussed in terms of their strengths and weaknesses.
The findings show that RL can produce control strategies that are close to optimal, while using different values
of design variables. This highlights the potential of RL for joint design and control of energy systems, particu-
larly in scenarios where stochasticity is a key factor. However, the study also highlights the difficulty of tuning
and using theses methods. Moving forward, there are several challenges to address, including the need to en-
sure that the RL solution converges to a global optimum. However, the promising results obtained in this study
suggest that RL has the potential to be a valuable tool for jointly designing and controlling energy systems.
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Abstract:
Model predictive control (MPC) has proven to be a promising method to exploit energy saving potentials in
building energy systems. However, they are not widespread in practice due to high hard- and software require-
ments, high computational effort, and missing trust and know-how among practitioners. Approximate MPC
can address these challenges by replacing the hard- and software-intensive optimization program by black
box models. Machine learning models such as Artificial Neural Networks or tree-based algorithms have been
widely investigated by the scientific community. However, a comparison of Artificial Neural Networks with ad-
vanced tree-based models like Random Forest and Gradient Boosting is still missing. In addition, the relation
between the models’ training and the resulting control performance has not yet been assessed. We close
these gaps by investigating the optimal control based on an MPC of a PV-battery system in a non-residential
building. The MPC optimizes the battery’s power based on a preceding peak load optimization. The MPC is
imitated by three machine learning models, namely, an Artificial Neural Network, a Random Forest, and Gradi-
ent Boosting, whose performance is subsequently evaluated open- and closed loop. While Gradient Boosting
results in the highest open-loop performance with an R2 of 0.83, it deviates more significantly from the optimal
control trajectory than, e.g., the Artificial Neural Network. Nonetheless, Gradient Boosting even outperforms
the teacher MPC when considering the system’s annuity. This is explained by its ability to push beyond the
peak load constraints which are set within the optimization. A rule-based backup controller is, therefore, in-
cluded for all approximator-based controllers. Based on this, the approximators result in a peak load reduction
between 5 % and 7 % compared to the benchmark and a change in annuity between −1 % and 4 % compared
to the MPC. To summarize, all approximators can retain most of the MPC’s advantages but do not surpass its
overall performance.

Keywords:
Approximate Optimal Control, Model Predictive Control, Machine Learning.

1. Introduction
In 2022, the United Nations Environment Program published its global status report for the buildings and con-
struction sector, highlighting the need for immediate action to cut emissions [1]. Following a slowdown caused
by the global pandemic, the CO2 emissions from building operations in 2021 even exceeded their all-time max-
imum of 2019 by 2 %. When taking into account the emissions of building material production, buildings made
up around 37 % of the global CO2 emissions in 2021 [1]. In addition to investing in refurbishment strategies,
optimizing building energy system operation can contribute to the goal of an emission-free building sector by
2050 [1,2].
Model predictive control (MPC) as a representative of advanced control methods has proven to optimize build-
ing operation tremendously. In a review study, Drgoňa et al. [2] find that the realized energy savings range
between 15 % and 50 % based on selected case studies [3–6]. MPC is also a valuable method for providing
grid flexibility services by, e.g., exploiting price incentives or providing demand response services [2]. The lat-
ter is crucial for future grid operation as the building sector will be electrified and, hence, interact with the grid
more intensely. However, despite its significant potential MPC is not widespread in practical applications. The
reasons lie in the high requirements of hard- and software and data infrastructure, missing know-how among
the operating personnel, time-consuming modeling and maintenance, and network and privacy security con-
cerns [2, 7–10]. This is why conventional rule-based and PID controllers are still state-of-the-art in nowadays
buildings. A method that bridges the gap between the performance of MPC applications and the simplicity of
rule-based controllers is approximate MPC. The idea is to imitate the MPC’s output using black box models.
The MPC serves as a teacher that generates training data. The implicit MPC-based controller is finally re-
placed by an explicit controller [11]. The black-box-based explicit controller requires less advanced hard- and
software as well as data infrastructure. The used black box models in building energy systems range from



simple linear regression models [9,12], over decision trees [11,13–16] to sophisticated machine learning mod-
els like Artificial Neural Networks (ANNs) [11, 17–20]. These so-called approximator-based controllers have
proven to retain most of the MPC’s performance while significantly reducing the required computational effort
and processing time [11]. In this context, decision-tree-based approximators are favorable as they resemble
the rule-based controller-like “if-condition-then-action” structure and, hence, promote comprehensibility and ad-
dress the challenge of missing know-how. However, decision trees tend to overfit data and are very sensitive to
input data [21]. Consequently, advanced methods like ANNs are often selected as approximators [11, 19, 20].
High-performing ensemble methods like Random Forest (RF) and Gradient Boosting (GB) can address the
decision trees’ disadvantages of overfitting. However, to the authors’ best knowledge, studies investigating
high-performing, tree-based machine learning algorithms like RF and GB in the context of approximate MPC
are still missing. Furthermore, even though approximate MPC has been successfully applied to building en-
ergy systems, there exists no use case focusing on a grid-connected PV-battery system as a part of a building
energy system.
In contrast to that, the scientific community has come up with related methods targeting purely grid-related
challenges. Smart grids will play a key role in the energy transition to guarantee safe grid operation. The
underlying concept is referred to as the optimal power flow problem, which can focus on AC- and DC-based
applications. Here, the main challenge lies in the real-time solution of a highly complex optimization problem
that optimizes power flows in a grid, e.g., the optimal power that a set of generators have to produce [22–25].
[23] and [24], e.g., both focus on an AC optimal power flow problem. For example, Zamzam et al. [23] learn the
mapping of system loading and optimal generation values using an ANN serving as an input for the subsequent
power flow solver. Doing so, they speed up the calculation process by a factor between 8 and 15 while still
achieving near-optimal results compared to directly solving the optimal power flow problem. Furthermore, the
authors of [24] approximate the cost function and give a feasibility prediction for the AC optimal power flow
problem. Again, the accuracy is high and the computational effort is reduced significantly. As approximators,
they compare the performance of linear regression, piecewise regression, Gaussian Processes, and ANNs.
Apart from that, [22] use graph NNs and [25] test deep NNs, and obtain similar trends for an AC and DC
optimal power flow problem, respectively. The aforementioned grid-focused studies all apply their method to
simplified use cases and learn the output of static optimal power flow problems. De Jongh et al. [26] are the
first to use ANNs to learn a dynamic MPC-based problem of a smart distribution grid. The distribution grid
covers 15 nodes and 13 households and considers electric vehicles and heat pumps. The MPC optimizes the
power schedule for all flexible devices. The ANN is trained based on a full-year simulation with three months
of testing. This time, the closed-loop performance is evaluated and, again, near-optimal results are achieved
with a 55 times quicker processing time.
In addition to these aspects, the training process for the approximators differs significantly among the studies.
While the grid-focused studies generate randomized training samples using distribution assumptions for their
inputs [22,24,25], the building-focused ones tend to use closed-loop operation results [11,12,14]. The training
performance is usually evaluated open-loop, i.e., the true and predicted outputs are compared without system
interaction. However, it is unclear how the open-loop performance affects the closed-loop one, which we
identify as an additional research gap.
1.1. Contributions and structure of this study
To summarize, the state of research highlights that approximate MPC applications are promising for building
energy systems. However, we detect a gap in studies focusing on building energy systems while considering
their interaction with the grid. In addition, studies are missing that compare sophisticated machine learning
models like ANNs to advanced tree-based ones like RF and GB. Furthermore, the scientific literature has not
yet presented a detailed investigation of the relation between the open- and closed-loop performance.
This study closes these gaps through the following aspects:

• We present a PV-battery system of a non-residential building in Berlin, Germany (see subsection 2.1.).
The battery’s operation is optimized based on an MPC, used as teacher MPC, that has been presented
in previous work [27] (see subsection 2.2.).

• The teacher MPC is taken as a training basis for three machine learning models, namely, an ANN,
an RF, and GB. They are trained based on a full-year simulation of the MPC-controlled system (see
subsection 2.4.).

• section 3. presents the open- and closed-loop performance of these approximators, which are used as
substitutes for the MPC. For this, we define open- and closed-loop metrics (see subsection 2.5.).

• We finally discuss the relation between the open- and closed-loop performance as well as the comparison
of the machine learning models in section 4., conclude our findings (see section 5.), and give an outlook
into future work (see section 6.).



By investigating these aspects, we try to answer the two following research questions in the context of approx-
imate MPC:

1. Can advanced tree-based machine learning models outperform the most prominent Artificial Neural Net-
work?

2. Is there a correlation between open- and closed-loop performance?

2. Methodological approach
2.1. Use case: PV-battery system of a non-residential building
The use case is the electrical system of a laboratory and office building in Berlin, Germany. Figure 1 illustrates
the central components and their interaction. The energy supply for heating, ventilation, and air conditioning
(HVAC) is solely based on electricity. A battery energy storage system aims at reducing potentially arising
peak loads and maximizing the electricity generation of the PV power plant. In addition to the demands caused
by the HVAC system, the electrical load of the building contains the electricity consumption of the building’s,
i.e., its tenants’, equipment (servers, laboratory equipment, etc.) and lights. The overall system can exchange
electricity with the grid.

PV Grid

Battery

AC-DC

DC-DC

AC-DC

Electrical load

Figure 1: Use case: electrical system setup of the non-residential building including a battery energy storage
system, a PV power plant, the building load, and the grid.

The building’s electrical loads have been simulated using Modelica as a modeling language. The underlying
toolchain to obtain realistic electrical profiles has been presented in [28]. The simulated electrical load is
illustrated in Figure 2. The resulting maximum electrical load of the building is 955 kW, the battery’s capacity
is 2500 kWh and its maximum discharging and charging power is 1250 kW. The PV power plant has a peak
power of 500 kWp.
2.2. Model predictive control and data base
In Figure 3, the MPC and AMPC toolchain is illustrated. The target system, which is described in subsec-
tion 2.1., is simulated in the modeling language Modelica using the functional mock-up interface. The battery’s
charging and discharging powers are the manipulated variables that are transferred using the open-source
Python package fmpy. For every iteration, these manipulated variables are optimized by an mixed-integer lin-
ear program (MILP). The MILP is formulated in the Python-based optimization modeling language Pyomo [29].
Based on perfect forecast of the disturbances, the battery’s state of charge and other state variables, the
optimization is solved for two different prediction horizons, resulting in an hierarchical structure. The upper
optimization layer is a full-year optimization that determines the optimal electrical peak. This electrical peak
is subsequently transferred as a constraint to the second optimization stage that follows the receding horizon
scheme. Here, a prediction horizon of 16 h and a timestep of 900 s are applied and the control loop is repeated
on an hourly basis. The lower layer optimization optimizes the battery’s power based on the PV generation, the
building load, as well as economic boundary conditions, such as the electricity price. Since the MPC-based
battery operation deals with different sources of revenue, we refer to it as multi-use PV-battery system. Further
details on the MILP and the hierarchical MPC are presented in [27].
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Figure 2: Simulated electrical building load for an exemplary week (top) and the first 6 months (bottom).

The perfectly predicted disturbances comprise:

• Weather forecasts: Ambient temperature, global irradiation, and wind speed to compute PV power
output based on standardized test reference years [30]

• Real time electricity prices: Time-varying EEX electricity prices of 2019 are taken as a basis [31].

• Electrical building load: The electricity consumption of the building is simulated in the modeling lan-
guage Modelica using typical user profiles [28,32].

This study’s aim is to replace the implicit optimization-based controller by an explicit black-box-model-based
one. Therefore, we use the open-source machine learning package scikit-learn [33].

Predictions

fmpy

control variablesstate variables
SOCBAT,k+1

Initializing

PBAT,ch,k , PBAT,dis,k

Simulation

FMU
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Optimization Approximation
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Figure 3: MPC and approximate MPC framework and control loop that calculates the battery’s charging PBAT,ch
k

and discharging powerPBAT,ch
k to the simulation model for each timestep k . Based on measurements like the

battery’s state of charge SOCBAT
k , the next iteration starts.



2.3. Feature construction and selection
The general approach for approximate MPC is to provide the MPC’s input data for the approximator so that
it can learn the MPC’s output. However, it is recommended to include additional features that support the
imitation learning process. For the present study, 14 features have been selected, which are derived based on
sensitivity analyses and listed in Table 1. The features comprise measurement data (simulated), set points of
a former optimization, synthetic data, and disturbance predictions. The measurements of the previous k − 1
timestep are used to predict the next timestep’s k output. Among these measurements are the simulated
battery charging or discharging power, its SOC, the cells’ temperatures, the voltage as well as the power
from or to the grid. Furthermore, the top layer optimization’s computed optimal peak load of timestep k as
well as future timesteps serves as input to the approximators. In addition to the measurements, disturbance
predictions for 64 timesteps are included, standing for a time period of 16 h, i.e., the MPC’s prediction horizon.

Table 1: Overview over features selected to predict the MPC’s output.

Feature timestep Type
Power of battery (charge or discharge) k-1 Measurement
State of charge of battery k-1 Measurement
Temperature of battery cells k-1 Measurement
Voltage in battery stack k-1 Measurement
Power to/from grid k-1 Measurement
Maximum allowed grid demand k,...,k+63 Optimization set point prediction
Building’s electrical load k,...,k+63 Disturbance prediction
PV electricity generation k,...,k+63 Disturbance prediction
Electricity price k,...,k+63 Disturbance prediction
Ratio of building load to
maximum allowed grid demand k,...,k+63 Synthetic (measurement and

disturbance prediction)

Ratio of PV generation to building load k,...,k+63 Synthetic (measurement and
optimization set point prediction)

Hour of day k Synthetic
Day of week k Synthetic
Month of year k Synthetic

2.4. Imitation learning process
In approximate MPC applications, the optimization is replaced by an approximated model that imitates the so-
called teacher MPC. Machine learning models are the most common approximators in this context. This study
deals with a continuous manipulated variable, namely the charging PBAT,ch and discharging PBAT,dch power of
the battery. We simplify the manipulated variable to PBAT. Due to the continuous nature of the variable, the
approximator needs to perform a regression task. The objective of this regression task is to find a regression
function fθ : RnE → R that minimizes the squared error between the true manipulated variable PBAT being the
MPC’s output and the predicted one P̂BAT,k by tuning the parameters θ:

min
θ

n∑
k=1

(P̂BAT,k − PBAT,k )2, k ∈ N, θ ∈ Rnθ (1)

The training data is discretized for each timestep k over the number of relevant samples n.
The regression parameter fitting process is carried out using the open-source Python framework AddMo (Auto-
mated data-driven modeling) [34]. AddMo comprises all relevant steps needed to obtain a well-trained machine
learning model. The steps cover the data tuning including data preprocessing, period selection, and feature
construction. Subsequently, the tool enables automatic feature selection and hyperparameter tuning. The
framework’s basis is the open-source machine learning library scitkit-learn [33] and covers ANNs, GB, Lasso,
RF, and Support Vector Regression as potential model choices. The interested reader is referred to [34] for a
more detailed framework presentation.
This study selects ANNs, GB, and RF as approximators as motivated in section 1.
2.5. Open- and closed-loop evaluation scheme
The evaluation includes both the open- and the closed-loop performance of the MPC- and approximator-based
controllers. The open-loop performance aims at assessing the approximator’s ability to predict the MPC’s
output, i.e., the charging and discharging power of the battery. As the training process is categorized as
supervised machine learning for regression tasks, the coefficient of determination R2 and the mean absolute



error MAE are selected as key performance indicators. Specifically, for each timestep k , the true and predicted
output are compared and the respective error metrics are determined. As a simplified initial comparison,
these statistical metrics are also computed for the closed-loop operation even though the focus should lie on
system- and control-specific metrics and should, thus, be oriented towards the MPC’s objectives. For the
MPC, the economic evaluation is based on the PV-battery system’s annuity. The annuity CANN simultaneously
considers the investment costs (CAPEX, CCAPEX) as well as the operating costs (OPEX,COPEX). In the context
of this study, the following calculation scheme is applied, which is based on the German pricing and regulatory
system:

CANN = fAFCCAPEX + COPEX,energy + COPEX,power (2)

CCAPEX = c0,PVPPV,peak + c0,BATEBAT,cap (3)

COPEX,energy = Egrid,load(ck ,EEX + cTax + cEEG) + Egrid,BAT(ck ,EEX + cTax + 0.6cEEGη
2
BAT)

+ 0.4(EPV,load + EBAT,load)cEEG + cNetwork(Egrid,load + Egrid,BAT) − EBAT,gridck ,EEX − EPV,gridcPV,feedin
(4)

COPEX,power = PpeakcPeak (5)

The associated costs of Equation 2 to Equation 5 are listed in Table 2. In the context of this paper, we define
costs as positive quantities. In Equation 2, CCAPEX includes the specific investment costs of the battery c0,BAT,
the PV power plant c0,PV, including the required DC-DC and DC-AC inverters, respectively (see Equation 3 and
Table 2). The battery’s investment costs depend on its expected lifetime that is affected by aging. Calendrical
and cyclical aging is considered in the simulation model. More specifically, keeping the battery on high SOCs or
triggering many cycles leads to a degradation of its capacity and performance. For more details, the interested
reader is referred to [27]. The CAPEX are multiplied with the annuity factor fAF that depends on the interest
rate i and the observation period T . We assume that all components except for the battery have a lifetime
of T . If the battery’s lifetime is shorter than the observation period, we consider a price degression d . The
operation-related costs are further divided into energy demand- COPEX,energy and power-related operating costs
COPEX,power (see Equation 2). For COPEX,energy, the energy flows of the PV-battery system, the building, and the
grid must be distinguished since different pricing schemes apply. Equation 4 denotes energy flows from source
to sink. For example, Egrid,load is the building’s consumed electrical energy covered by the grid. In addition to
taxes cTax and network charges cNetwork, the German pricing scheme includes a charge to support renewable
energy sources cEEG, whose quantity depends on the energy source. Therefore, Equation 4 differentiates
between flows of the PV power plant, the grid, and the battery. Furthermore, the operation-related costs
depend on the EEX market prices of each timestep k . The EEX prices also serve as source of revenue if
electrical power is fed back into the grid. As an additional revenue, fed-in electricity from the PV power plant is
rewarded with the feed-in price cPV,feedin.
Apart from the purely economic evaluation, this study also focuses on the system’s peak load Ppeak . The
system’s peak load is taken as an additional metric because the teacher MPC’s aims to determine the system’s
optimal maximum peak load and control the battery’s power accordingly. The associated costs are calculated
based on a peak power price cPeak (see Equation 5).

Table 2: Assumptions of economic boundary conditions.

Type Mathematical
description Quantity

Initial invest in battery
including DC-DC inverter c0,BAT 725 C/kWh

Initial invest in PV power plant
including DC-AC inverter c0,PV 1170 C/kWp

Lifetime of battery TBAT Simulated
Observation period T 20 a
Relative price degression d 6 %/a
Interest rate i 1.3 %
Real-time pricing ck ,EEX EEX 2019
PV feed-in pricing cPV,feedin 6.62 ct /kWh
Tax-related charges cTax 3.17 ct /kWh
Network charges cNetwork 1.65 ct /kWh
Peak power charges cPeak 53.53 C/kW



3. Results
The following section presents both the open- and the closed-loop results. The open-loop results stem from
comparing the approximator’s and the MILP’s output regarding the battery’s charging and discharging power.
Consequently, the control loop is not closed. In contrast, the second part of this section focuses on closed-loop
simulation results, for which the approximators are used to control the PV-battery system.
3.1. Open-loop performance
The open-loop analysis compares the predicted output P̂BAT with the true MPC output PBAT based on a time
series comparison. Open-loop training serves as an indicator of how well the machine learning models imitate
the controller’s output. However, since there is no interaction with the system, we cannot conclude on the
closed-loop performance. Figure 4 illustrates the coefficient of determination R2 as well as the mean absolute
error MAE for the testing period for both open- and closed-loop operation. For this section, we concentrate
on the open-loop results, i.e., the red bars and line graphs. The models are trained based on six months of
training data and tested on six months of unseen data. The first half of the year serves as training data, while
the second half serves as a testing period. The overall open-loop accuracy is high for all three models. GB
results yields the highest R2 of 0.83 and the lowest MAE , while ANN results in the lowest R2. The ANN and
RF yield a similar performance when taking the MAE as a basis. However, the ANN’s R2 is slightly lower than
the RF’s one. Consequently, the GB is favorable from an open-loop performance perspective. Nonetheless,
the variations in performance are slight.
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Figure 4: Time-series-based open- and closed-loop prediction results for 6 months training and testing.

3.2. Closed-loop performance
In addition to the open-loop performance not considering any interaction with the simulation model, this section
investigates the closed-loop performance. At first, we focus on a purely time-series-based comparison between
the open- and closed-loop performance. For this evaluation, Figure 4 also shows the statistical metrics for the
closed-loop operation in addition to the open-loop comparison. The data is based on a closed-loop simulation
of 6 months, from January to the end of June. The metrics derive from comparing the controllers’ outputs,
i.e., the battery’s set charging and discharging power. The results indicate a different picture compared to the
open-loop performance. The ANN clearly outperforms the tree-based models with an R2 of 0.48 compared to
0.34 for GB and 0.31 for the RF, respectively. The same trend applies to the MAE . Based on this, we cannot
see any correlation between the open- and the closed-loop performance of the approximators. However, the
comparison above is based on time series only and does not consider any MPC performance metrics.
For this reason, we analyze the actual closed-loop performance taking MPC relevant objectives into considera-
tion (see subsection 2.5.). The bar chart on the left of Figure 5 illustrates the resulting annuity of the PV-battery
system for the MILP and the approximators, i.e., the ANN-, GB-, and RF-based controller. We like to highlight
at this point that the annuities are negative because we mainly consider costs and the rewards through elec-
tricity feed-in are small for our use case. The resulting annuity ranges between −425 kC for the GB-controlled
and −440 kC for the ANN-controlled system. Among the approximators, the GB performs best, followed by the
RF. The ANN results in the lowest annuity. The GB-controlled system even outperforms the MILP regarding
the annuity.
Figure 6 further illustrates the resulting operation for an exemplary week in June. The top plot shows the
manipulated variables, namely, the battery’s set power for the MILP- and approximator-controlled system. In
the middle, the resulting grid load is depicted. As a reference, the optimized peak load is marked, too. A
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Figure 5: Closed-loop simulation results: The figure illustrates the holistic annuity of the PV-battery system
without backup controllers (left) and the comparison of the resulting electrical peak load and demand-related
operating costs with (+RBC) and without backup controllers (right).

positive battery power denotes battery charging, while a negative one signifies discharging. Furthermore,
positive grid loads denote an energy flow from the grid to the system and vice versa. The bottom part of
Figure 6 shows the variable electricity tariff. We observe that the approximators sufficiently imitate the teacher
MPC’s output. However, the resulting grid load shown in the middle part highlights that some approximators
exceed the optimized grid limit. The tendency to overshoot the grid limit applies the most for the ANN-based
controller. On the illustrated Saturday afternoon, the ANN lets the battery charge due to low electricity prices.
This trend is partially observed for the residual controllers but to a smaller extent. The high charging power
results in a grid load exceeding the optimized peak load. This behavior is also present on Thursday and Friday
afternoon. Again, the ANN triggers a charging period due to low electricity prices even though the teacher
MPC’s output is 0 kW. Here, we detect the approximator’s correlation between the in- and output without
considering the constraints set within the MILP.
Figure 6 highlights the need for an additional backup controller that reinforces the optimized peak. To sup-
port the approximators in reducing the peak power, an additional rule-based backup controller is considered.
The controller is non-predictive, meaning it relies on present or past measurements of the system. Based on
the current grid load and the approximator’s output, the rule-based controller limits the battery’s set charg-
ing or discharging power. The result is depicted on the right-hand side of Figure 5. Here, we illustrate the
realized electrical peak load and the energy-related OPEX for two sets of an approximator-controlled, the
MILP-controlled system, and a benchmark model. The two sets of approximators consider the machine learn-
ing models with and without additional rule-based backup controllers (“X+RBC”). The MILP, i.e., the MPC, runs
a pre-optimization for a whole year to determine the optimal peak load. This peak load is 803 kW for the given
scenario and a constraint for the MILP. Hence, the MILP does not surpass the optimal peak, so the maximum
peak for the 6-months simulation is 803 kW, too. In addition, the MPC also yields the lowest energy-related
operating costs COPEX,energy of approximately 174 kC. Apart from that, we determine a benchmark model that
does not include a battery. We solely include the benchmark model in the right-hand side plot of Figure 5 be-
cause the benchmark does not involve an investment in the PV-battery system. Consequently, a comparison
based on the annuity is not expedient. The benchmark control does not shift any load and consequently solely
depends on the variable electricity price. It yields a peak load of 955 kW and operating costs of 176 kC. Thus,
the MPC achieves a peak load reduction of 16 % and a decrease in energy-related operating costs of 1 %.
In general, the energy-related operating costs do not vary significantly among the controllers. However, it is
noteworthy that high peak loads lead to higher power-related OPEX COPEX,power. Combining both energy- and
power-related OPEX, the MPC results in OPEX savings of 5 %.
In contrast, we observe a great difference in the peak loads. Without integrating a rule-based controller, only
the GB- and the RF-based approximators realize a smaller peak load than the benchmark model of 938 kW and
905 kW, respectively. For the RF, the integration of a backup controller has only a negligible effect on the peak
load of 0.3 kW. For the GB and the ANN, the effect is more significant. While the peak load is reduced from
938 kW to 889 kW in the case of GB, it decreases from 1003 kW to 900 kW for the ANN. The ANN’s tendency to
overshoot the peak load is also apparent in Figure 6. Nonetheless, when considering the rule-based controller,
the annuities decline by 2 % for the ANN, increase by 0.5 % for GB and by 0.5 % for the RF.
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Figure 6: Closed-loop simulation results for the first week in June. The top plot shows the manipulated
variables, i.e., the set battery power. In the center, the resulting grid load is depicted. Here, we also mark the
optimized peak load as a reference. The bottom plot presents the EEX electricity tariff. The approximators
control the system without the rule-based backup controller.

4. Discussion
The results of section 3. highlight that the relation between open- and closed-loop performance is difficult to
assess. While a purely time-series-based comparison as shown in Figure 4 supports the conclusion that there
is no correlation between open- and closed-loop performance, the subsequent analysis of the MPC-related
objectives partially proves the opposite. When considering the annuity, the GB-based controller outperforms
the ANN- and RF-based one (see Figure 5). Yet, the GB’s resulting battery operation significantly differs
from the MILP-based one, which is further supported by the low R2 of 0.34 and the high MAE of 101 kW as
illustrated in Figure 4. The ANN realizes the highest conformity with the teacher MPC’s set points, which is
apparent in Figure 6. Nonetheless, it tends to overshoot the optimized electrical peak due to the correlation with
the electricity price. The other machine-learning-based approximators do not adopt this behavior as strongly.
This is also why integrating the rule-based backup controller as shown on the right-hand side of Figure 5 has
the most significant effect on the ANN-based controller’s peak load.
Furthermore, it becomes evident that despite the integration of a rule-based backup controller that reduces
the peak load, the optimized peak load of 803 kW is still surpassed by the approximators (see Figure 5). This
behavior is explained by the rule-based controller’s dependence on past measurements. Consequently, if the
building load is higher than the load of the previous timestep, the battery’s charging and discharging power
in addition to the building load might still exceed the set upper limit. This disadvantage could be mitigated if
the rule-based controller was based on building load predictions rather than past measurements. However,
integrating these predictions would further increase the approximators’ complexity. Still, we see great potential
in developing a hybrid approach with a more sophisticated backup controller.
Another aspect is that the GB-based controller seems to slightly outperform its teacher MPC when taking
the annuity as a basis (left plot in Figure 5). However, this behavior is only possible because the GB-based
controller does not consider the MILP’s constraints. A pre-optimization is carried out to obtain the optimal
electricity peak. Subsequently, the MILP-based MPC uses this as an upper boundary and manipulates the



charging and discharging powers accordingly. Consequently, the GB extrapolates the defined solution space.
Even though the GB-based controller does indeed achieve the lowest annuity, it is still not favorable compared
to the MILP from an operator’s point of view. It exceeds the optimal peak by approximately 100 kW and results in
higher OPEX. Its low annuity mainly derives from low investment costs. The low investment costs are primarily
caused by a longer battery lifetime due to reduced cycling and calendrical aging (see subsection 2.5.). When
solely focusing on the operation, the ANN- and MILP-based controller are favored.

5. Conclusions
In the present study, we developed an approximate model predictive control approach for a PV-battery system
in an office and laboratory building. The study is based on the preceding development of a hierarchical MPC in
[27]. The hierarchy is based on prediction horizons so that different time scales can be considered. In the case
of the PV-battery system, the MPC aims at optimizing the electrical peak load in a first step and incorporate
it in the battery energy management in the second step (see subsection 2.2.). The hierarchical MPC serves
as teacher to generate training data for machine learning models. These machine learning models are the
approximators that replace the optimization problem after successful training. I.e., they function as controllers
instead of the optimization program leading to a speed-up in processing time and lower hard- and software
requirements in practice. Since the scientific literature is still missing a comparison of advanced machine
learning models in the context of approximate MPC, we investigate an artificial neural network as well as the
sophisticated tree-based models Random Forest and Gradient Boosting (see section 1.). In addition to that, we
detect a research gap in in-depth analyses of the open- and closed-loop performance of the approximators. In
the context of this study, the open-loop performance refers to the purely time-series based comparison of the
true, i.e., the MPC output and the predicted, i.e., the approximators’ outputs without any system interaction. The
closed-loop performance is calculated based on the system interaction between the MPC or the approximators
with the target system.
Our results prove that the machine-learning-based approximators all result in relatively high open-loop per-
formances (see Figure 4). While the Gradient Boosting model slightly outperforms the other approximators
open-loop, the same trend is not apparent when comparing the closed-loop performance solely based on the
respectvie time-series. Here, we compare the MPC’s output, i.e., the manipulated variables, with the approx-
imator’s one without evaluating the control-oriented metrics as defined in subsection 2.5.. Here, the Artificial
Neural Network results in the highest accuracy metrics. When taking into consideration the PV-battery system’s
annuity, however, the Gradient Boosting model even surpasses the MPC results. The effect that the approxi-
mator outperforms its original teacher, is explained by the machine learning models’ missing constraints. The
MPC considers the maximum electrical peak as a constraint within the optimization. Hence, the MPC does
not exceed the pre-optimized peak of 803 kW (see right-hand side of Figure 5). Nonetheless, the MPC perfor-
mance is still considered the best when taking into account all relevant operation metrics. This behavior can be
mitigated by an addtional rule-based backup controller that has been implemented in this study (see right-hand
side of Figure 5). The integration of the backup controller results in a decrease in the electrical peak load while
achieving almost the same annuity as the purely approximator-controlled system.
All in all, all three approximators result in a reliable closed-loop performance. Even though their control output
clearly differs from the MPC’s one, they outperform a benchmark model regarding the peak load. No clear
relation between open- and closed-loop performance is apparent considering that the approximators all perform
best regarding other metrics. Nonetheless, we detect that high open-loop performance supports a robust
closed-loop performance. Finally, we go back to the stated research questions in subsection 1.1. as follows:

1. Advanced tree-based machine learning models like Gradient Boosting and Random Forest can outper-
form Artificial Neural Networks as controllers in an approximate MPC application. In addition, they are
favourable from a comprehensibility point of view as they resemble the conventional “if-condition-then-
action” structure of rule-based controllers.

2. The open-loop performance is an indicator for a good closed-loop performance, however, no generaliz-
able conclusions can be drawn. A purely time-series-based comparison of controller outputs, i.e., the
control trajectory, can be misleading regarding the closed-loop performance.

6. Outlook
The simulative assessment of the PV-battery system is based on a hierarchical MPC with a rolling horizon of
1 h. I.e., the control loop is repeated every hour with a timestep of 15 min and a prediction horizon of 16 h. The
approximators, however, learn the in- to output relations based on every timestep, i.e., 15 min. This means that
the approximators inheretly learn the model uncertainty of the MPC’s process model for 3 out of 4 timesteps.
Thus, we recommend future work to use a 1-step MPC to mitigate the model uncertainty. We expect the
open-loop performance to increase for this case.



Apart from that, the overall profitability of the PV-battery system is not existent when taking the annuity into
account. This is caused by the provided regulatory framework from Germany. Future work should focus on
additional sources of revenue such as frequency control reserves. In addition, the interaction with the building
energy system should be more closely investigated and synergy effects between the battery and the HVAC
system identified.
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[7] Cigler J, Gyalistras D, Široký J, Tiet VN, Ferkl L. Beyond theory: the challenge of implementing model
predictive control in buildings. Proceedings of 11th Rehva world congress, Clima. 2013;(250).

[8] Prı́vara S, Cigler J, Váňa Z, Oldewurtel F, Sagerschnig C, Žáčeková E. Building modeling as a crucial part
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Abstract:
With growing concerns about climate change and increasing energy costs, energy-efficient use of buildings
offers an opportunity to decrease CO2 emissions and costs. The behavior of building occupants plays a
significant role in the process of improving this efficiency both for new and existing buildings. Therefore, we
introduce a suite of web-based software applications that aim to encourage energy-efficient building occupant
behavior in an office environment under the Living Lab Energy Campus (LLEC) initiative, using the campus of
Forschungszentrum Jülich as a demonstration. The suite of applications, developed via a co-design process,
provides means to view energy consumption data at various levels of aggregation, and to receive real-time
recommendations and incentives for behavior change. Through the Energy Dashboard, users can monitor and
analyze heating, cooling, and electrical energy consumption at building level. Leveraging IoT-enabled sensors
and actuators, JuControl offers an interface to view room-specific indoor environmental, heating and ventilation
data, and allows occupants to control the room heating by specifying a personal temperature setpoint range.
Occupants also receive real-time feedback via recommendations for energy efficiency improvement, alongside
periodic behavior evaluation in the form of ratings. The serious game JuPower gives users the opportunity
to compete in teams to design a CO2-minimal alternative virtual energy system for the campus, whilst the
users’ real-world energy-related behavior is translated into in-game effects, thereby providing incentives for
energy-efficient behavior via game rewards and social interaction. The interrelations among the applications,
deployment strategies, and first outcomes are discussed.
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1. Introduction
In the EU, the building sector contributes 40% of the energy consumption and over 30% of the CO2 emis-
sions [1], [2]. According to estimations, 75% of the buildings in the EU are energy-inefficient [3].
Within the building sector, occupant behavior has been identified as a key factor in the energy efficiency
of buildings and is often implicated in the difference between modeled and actual (post-occupancy) energy
consumption of buildings [4, 5, 6]. According to the PROBE studies (Post-occupancy Review of Buildings
and their Engineering), this difference is usually a factor of two: the actual consumption is twice the modelled
consumption [4, 7]. Similar results are also reported by other studies (e.g. as cited in [8]). Furthermore, in one
simulation study of energy behaviors of office occupants with profiles classified as one of austerity, standard,
or wasteful, it was estimated that the wasteful profile can use up to 90% more energy than the standard energy
profile in a one-person office, while the austerity profile can use up to 50% less energy than the standard
profile [9].
Clearly, there is potential for the improvement of energy efficiency in buildings through energy-efficient occu-
pant behaviour. However, there are challenges in engaging occupants and triggering behavior change. First,
building occupants in public buildings are usually indifferent to the energy efficiency of their behavior because
they are not conscious of their impact on the energy consumption and are not responsible for the energy
costs [10]. To solve the consciousness issue, energy consumption should be monitored through measurement
data. But this leads to issues of privacy and data security, especially for a country like Germany where pri-
vacy is taken more seriously than in most other European countries, with supporting structures like the works



council and Data Protection Officers serving to protect employees from privacy infringements [11, 12, 13, 14].
Furthermore, the issue of occupant apathy to energy consumption in public buildings is not easy to address in
a top-down, management-initiated and sustained fashion in a European country like Germany. Only in the light
of the energy crisis occasioned by the Russia-Ukraine conflict was there more assertive drive from government
to save energy across the country. In spite of this, occupant behavior still requires more intrinsic motivation for
its transformation.
In this work, the objective is to develop and test applications that are effective in influencing building occupants’
behavior through intrinsic motivation. We focus on occupant interactions with the heating, cooling and air con-
ditioning (HVAC) system in naturally ventilated office buildings under real-world conditions. This work is incor-
porated in the Living Lab Energy Campus (LLEC), in which a part of the infrastructure of Forschungszentrum
Jülich GmbH (FZJ) is transformed to a test-bed for e.g. monitoring and control approaches for future building
and district energy systems. Our case study consists of a subset of office buildings in FZJ with different years of
construction (ranging from the 1970s up to recently completed buildings), which are representative of the office
building stock. Figure 1 gives an overview of the chosen setup in the equipped buildings. All selected buildings,
like all FZJ buildings, were already equipped with digital calibrated meters to measure electricity, heating and
cooling demand, e.g. for billing purposes. For research purposes, an interface was set up between the facility
management’s proprietary system and the research ICT platform. In addition, all offices, meeting rooms and
kitchenettes in the selected buildings were equipped with wireless indoor air quality sensors (to measure CO2
concentration, temperature and relative humidity), window and door status sensors, and wireless thermostats.
Due to the heterogeneity of the buildings and in order to limit the retrofitting effort in the existing buildings to a
sensible level, the sensor network makes use of wireless (EnOcean) sensors. On top of this, a subset of the
selected buildings was equipped with wired (KNX) actuators for shading, lighting and underfloor heating control
and push buttons with integrated displays. To allow for transfer of the developed approaches to buildings in the
outside world, all sensors and actuators used are commercially available. More details can be found in [15].

Figure 1: Setup of digital meters, sensors and actuators in buildings

To meet the challenges in bringing about behavior change, we develop applications for building occupants for
visualization and control of the building energy system through a human-machine interface (HMI). Additionally,
we introduce real-time behavior evaluation and recommendations for the occupants, supported by gamification
and a serious game. We evaluate the effectiveness of various combinations of these behavior intervention
measures. Only initial results from the individual parts of the system are available as at the time of this writing,
the fully coupled system has only just been deployed.
1.1. Literature Review
The interaction of occupants with the building and its energy system is the focus of several large-scale stud-
ies. For example, the DataFEE project1 focuses on the development of tools and methods for the analysis
of the interaction of occupants with buildings. Likewise, the IEA EBC Annex 66 project 2 and the IEA EBC
Annex 79 project 3 focused on modelling occupants and occupancy, as well as the integration of occupancy
in building models. Related to these occupant-centric studies, various behavioral intervention projects have

1Available at https://www.ebc.eonerc.rwth-aachen.de/cms/E-ON-ERC-EBC/Forschung/Forschungsprojekte2/Projekte-
Nutzerverhalten-und-Komfort/ cviyk/DataFEE/?lidx=1

2http://www.annex66.org/
3Available at https://annex79.iea-ebc.org/



been carried out to address energy efficiency of occupants in buildings. These interventions take one of sev-
eral forms, including provision of information through visualization, active feedback through various means of
communication, and numerous gamification and serious games. One main element for providing information
and visual feedback in energy systems is the use of energy dashboards [16]. These dashboards provide a
Graphical User Interface (GUI) for visualizations regarding energy-related data. Additionally, interactive dash-
boards provide good User Experience (UX) and encourage interactions with the information being presented.
To make such GUIs effective, their design follows Human-machine interface design principles. Rogers, Sharp
and Preece [17], who worked extensively on these design principles, highlight the principles of visibility, feed-
back and constraints. The principle of visibility refers to making actions and functionalities obvious to the user,
while the principle of feedback prescribes that the interface should give users notifications when an action
has to be performed or has been completed. The principle of constraints refers to limiting user actions in the
interface if they are not valid. In the context of energy behavior interventions, these principles encourage the
use of energy dashboards. Whilst some studies show that dashboards are beneficial, other studies indicate,
however, that visualization alone does not lead to sustainable energy-saving behavior [18, 16]. Most studies
related to occupant behavior interventions focus on gamification and serious games.
Gamification is defined as ”the use of game design elements in non-game contexts” [19]. A distinction exists
between serious games, which is the development of full-fledged games for non-entertainment purposes, and
gamification, which just involves the use of game elements or ”atoms” in an otherwise non-game context [19].
Such game elements include leaderboards, badges, and points. Gamification aims to achieve real-world be-
havior change by means of an engaging and fun experience.
Several studies have used different gamification concepts with the intention of motivating users to take ac-
tion for enhanced energy efficiency. In the review by Johnson et al. [20] the authors investigated 25 gamified
applications and serious games in the domestic energy consumption sector. The results of the behavioral
interventions are classified into four categories: behavioral, cognitive, learning and knowledge acquisition, and
user experience. Behavioral interventions refer to real-world and in-game actions and aspirations to save en-
ergy, while the cognitive aspect refers to affective and motivational elements, including energy-related opinions,
self-awareness about energy saving and motivation to engage in energy-conserving measures. Learning and
knowledge acquisition refers to learning effectiveness and knowledge accumulation, and finally user experi-
ence refers to the perspective of the user towards the game, including engagement, usability and satisfaction.
The results of the majority of the studies (a total of 17 out of 25) fall into more than one result category. The
user experience is the most frequent, followed by cognitive, real-world behavioral, knowledge, then in-game
behavioral categories.
Across the studies, the results were not exclusively, but mostly, positive. About half of the reviewed inter-
ventions explored serious games and the other half explored gamified applications. Among the employed
applications were seven mobile apps, nine browser apps and five computer games. While around half of
the applications feature integrations with the real world, the others are completely digital without real-world
integration.
AlSkaif et al. [21] introduces a conceptual framework based on gamification for residential building user en-
gagement. They classify the framework requirements and link them to corresponding high-level gamification
objectives. The five groups of game design aspects implemented are information provision (statistics, mes-
sages, tips), rewarding system (electricity bill discounts, virtual currency, prizes/offers/coupons), social con-
nection (competition, collaboration, energy community), user interface (dashboards, leaderboard, progress
bar, message box, notifications, degree of control), and performance status (points, badges, levels).
1.2. Research Contributions
The contributions of this paper are as follows. First, we report on various implementations of user behavior
interventions with respect to energy efficiency, starting with visualization of energy systems at different levels of
spatial granularity, through to provision of a Human-Computer Interface (HCI) for controlling the energy system.
Furthermore, we discuss the application of gamification and user behavior evaluation, and the coupling of these
to a serious game. When the experimental results are complete, we intend to extensively analyze and discuss
the contributions of the various combinations of these interventions to occupant behavior improvement. In this
paper, however, we only discuss initial results, since the full-fledged experiment has only been running for a
very short time as at the time of writing.
This work is organized as follows: Section 2. describes the purpose and features of the applications developed,
Section 3. presents results and discussion of the co-design process of the applications as well as the occupant
behavior evaluation. Section4. summarizes and draws a conclusion.



2. Methodology
The LLEC Energy Dashboard suite includes multiple web applications that interact with each other to provide
a wide range of functionalities.
2.1. The Energy Dashboard: Visualization of Energy Data
The Energy Dashboard provides an interface through which staff members and visitors can gain insight into
the energy demand of the campus. Via the Dashboard, users can view both historical and real-time heating
and electricity data at the campus level as well as for individual buildings, see Figure 2.
Additionally, the Dashboard shows operation data of so-called energy demonstrators, which are proof-of-
concept energy systems for generation, conversion, and storage of renewable energy and waste heat. The
goal of the Dashboard is to drive user awareness regarding energy systems in general, as well as to improve
the public understanding of the represented systems.

Figure 2: Screenshots of the Energy Dashboard. Left : Exemplary building page showing live electricity and
thermal demands. Right : Comparison of buildings demands for thermal power.

2.1.1. Data

Currently, the two main data measures are electricity and heating demand. Timeseries data for those mea-
surements is visualized on the dashboard at one-minute resolution. The main landing page of the energy
dashboard shows the overall consumption of electricity and heating energy for the whole campus using a mix
of chart types. This is the highest-level data that is visible on the dashboard. More details for the same con-
sumption data for electricity and heating is also available on the building-level. Via an interactive campus map
or a list of building IDs, a single building can be selected to view its data. This data is also available in the
form of the same 2-hour-live-chart. Additionally there is a 48-hour historical data bar chart, in which the data
is hourly aggregated.
2.1.2. Access rights

One important aspect of the whole framework is data security. There are different levels of access for the
energy dashboard, as not all data is visible to every user. Authentication is via Shibboleth, and roles are
assigned based on the authenticated user. The basic staff role can view data for the whole campus and
single buildings, but buildings in restricted areas on the campus are not available. Admins can escalate their
authentication level to view more data like number of sensors reporting for each data point, additional plots,
and access to the restricted buildings. The guest role uses login credentials without Shibboleth authentication,
and is only permitted to view the campus-level consumption and a special subset of buildings.
2.2. JuControl: Visualization, Control and Gamification
The effects of the behavior of a single office occupant in the context of a whole building are not necessarily
directly visible. To account for that, selected buildings were equipped with additional sensors and actuators for
data acquisition and control at room level. This allows the collection of more datasets like CO2 concentration,
humidity or window states. The measurement data on room level is visualized via the web-based application
JuControl (see Figure 3), which is integrated into the Energy Dashboard.
Besides the more detailed visualization of data, JuControl also enables users to control actuators in their room
via an online interface, in addition to the physical controls available at the actuators themselves.
2.2.1. Automatic heating control

Within LLEC, the equipped rooms form a test-bed for testing different innovative control approaches, e.g. model
predictive control-based room controllers. In addition to the control options in the rooms, JuControl provides
the central user interface for the comfort preferences of the room occupants that are taken into account by



Figure 3: JuControl: Exemplary room view Figure 4: JuControl: User specific time schedule for
the expected presence in the office

the tested automated controls. Regardless of the control algorithms tested, the user interface itself already
offers a great deal of savings potential through options that go far beyond the previous manual adjustment of
thermostats. Office spaces are usually only used in a clearly limited time frame. Therefore, they offer a good
opportunity to save heating energy by lowering the room temperature to an appropriate level while the office is
not occupied, for example after working hours and over the weekend. However, for the comfort of employees,
it is important to restore the correct temperature within the rooms in time. For this, JuControl offers users the
ability to create an individual time schedule in which they enter their expected presence; see Figure 4.
In order to accommodate different needs, every user can also define their own comfort temperature range.
Based on the schedules of all occupants of an office, JuControl then calculates a heating plan for the room. A
controller script can query this heating plan via JuControl ’s API and perform optimal heating control based on
the desired temperature setpoints.
2.2.2. Manual control mode

Naturally, an occupant’s schedule may not always match the actual presence in the office, for example when
the schedule changes temporarily on short notice. For scenarios such as these, the occupant always has the
option to switch to ”manual control”, in which the schedule and the associated desired temperature setpoints
are overridden by the manual setting. Manual control can be triggered via the JuControl web interface or
by physically operating the thermostats. In both cases, the new user-specified setpoint temperature is then
targeted by the heating control. After a maximum of 8 hours, the control automatically returns to automatic
mode, in which the presence schedule is used once again.
2.2.3. User Consent

Compared to the general building consumption, the parameters measured here are very sensitive data, as
they allow drawing direct conclusions about individual persons or small groups of persons. For example, the
CO2 concentration in an office can be used to determine how many people were present in the office at a
specific time. The data is only visible to an occupant if all the other occupants of an office agree to the usage
of this tool. This poses an additional challenge when users change offices. Basically the following rules are
applied: a user only has access to the data of the office they are officially assigned to, and only if all other
occupants of this room have given their consent. If someone leaves an office, the person also no longer has
access to newly generated data of this office. (However, they can view historical data.) If a new employee joins
an office, everyone automatically loses their access rights until this new employee has also agreed to the data
processing.
2.2.4. Gamification

JuControl features a gamification section, in which the energy efficiency of occupants’ offices is evaluated
based on predefined behavioral patterns related to ventilation habits and indoor temperature setpoints. The
evaluations, which are currently limited to heating demand, are carried out by Juracle, an evaluation engine
discussed in Section 2.4.. Corresponding penalties are awarded in the form of ”wasted thermal energy” scaled
to the size of the FZJ campus. Groups of office rooms compete in teams against groups from the same or
other buildings. A leaderboard shows the ranking of teams based on performance and places each room’s
performance in the context of the team’s and global performance. Additionally, a three-color traffic-light feed-
back system is used to convert the raw energy penalty values to normative feedback that allows occupants to
determine if their performance is relatively good or bad.
Social interactions (competitions, teams) have been shown to be key elements of effective gamification [22,
23, 20]. To this end, gamification in JuControl is designed around teams and competition. Additionally, the



performance of teams is coupled to a serious game JuPower, discussed more in Section 2.3. below. The
JuControl gamification interface is shown in Figure 5 below.

Figure 5: JuControl gamification interface showing integration with a serious game, JuPower (top dark bar),
and evaluations obtained from Juracle. The charts show the timeseries for the input quantities for behavior
evaluation – window state, setpoint temperature, and presence profile.

2.3. JuPower: A Serious Game
JuPower is a serious game developed to enable players appreciate the trade-offs involved in energy system
design. A serious game is a game developed for non-entertainment purposes, whilst ideally retaining the fun
and engaging nature of entertainment games. The purpose of the gamification approach is to engage users
and draw attention to the way their behavior affects their energy consumption.
2.3.1. Game design

In the game, the mission for players is to design a more climate-friendly energy supply system for a virtual ver-
sion of the Forschungszentrum Jülich campus having heating and electricity demand. The electrical demand
data is derived from actual historical data for the campus, while the thermal demand data is derived from a mix
of Modelica [24] models of the actual buildings developed using the TEASER [25] tool, and historical data. The
building models allow players to apply realistic retrofits at a cost in the game.
By design, the default energy source for heating in the virtual campus is an oil boiler, with electrical power
being drawn from the virtual electricity grid. This assumption is different in many respects from the actual
energy sources in the real campus.
To reduce the CO2 emissions arising for the supply of energy to the buildings, new installations can be made in
the game. Players have a fixed budget with which they can purchase new energy systems and components to
replace the default energy system. The resulting energy system for the virtual campus is simulated afterwards
for each team, and the teams are ranked continuously based on the total operational CO2 emissions generated
over the simulation period.
2.3.2. Game modes

JuPower admits three different modes of play that can coexist independently. These are:

• Sandbox mode, in which players try out features and learn the system without teams, competitions, or
external time pressure. Essentially, the players’ game actions and its effects are visible to the player
alone.

• Standard game mode, in which players participate in teams in a predefined gameplay instance that is
governed by a time schedule. In this mode, outcomes of the real-world behavior evaluation are fed into
the game.

• Real-time mode, which is intended for more experienced energy system designers. Here, the game clock
is synchronized to the real clock, and boundary condition inputs into the game, like weather and demand
data, are derived in real-time from real-world data.



Figure 6: JuPower home page during simulation
showing the energy widget (center) and the leader-
board (right). Figure 7: JuPower simulation page

2.3.3. Gameplay

A game run consists of game phases, each of which provides a defined set of interaction opportunities for the
players. In the design phase, players design an energy system by installing energy system components on a
stylized aerial view of the campus via drag-and-drop. The aerial map view faithfully mimics the main features
of the landscape of the real campus. Each installation of a component requires cash and real-estate, and
is subject to the availability of these resources. Players propose their designs to their teams and cast votes
to determine which proposed design is adopted for the team. To enhance coordination and communication
amongst players within a team, a rich-text chat functionality with mentions is available in the Proposals page.
Furthermore, players tag and optionally describe their designs prior to proposing them.
The pre-simulation phase follows the design phase. In this phase, the most-upvoted design is automatically
adopted for each team. Based on this design, the operation of the energy system over a certain period
is projected by computing the dispatch of the components. The dispatch is the result of a Mixed-Integer
Linear Program (MILP) optimization problem, solved using the GurobiTM [26] solver. Afterwards, the simulation
phase starts, during which various system data and performance indices are shown in ”real game-time” as the
simulation progresses. The Key Performance Index (KPI) is the accumulated operational CO2 emissions, and
teams are ranked on a leaderboard based on this KPI. Figure 6 and Figure 7 below show the home page and
simulation page, respectively, during simulation. The post-simulation phase allows players to take stock and
reflect on their design choices.
2.3.4. Coupling with Real-world Behavior Evaluation

The real-world behavior penalties computed as part of the JuControl gamification described above, are trans-
ferred to JuPower as additional building demands. Specifically, for each team, the average weekly performance
penalty is added to the thermal demand of the buildings in JuPower for that team. This has the effect of a pro-
portional increase in CO2 emissions in the game, and by extension a worsening of the performance of the
energy system in the game.
2.4. Juracle: Occupant Behavior Evaluation Engine
Juracle is an engine that evaluates the thermal energy-related aspects of occupant behavior based on two
criteria: window interaction (ventilation) and room heating (temperature setpoint). First, it defines the notion of
an ideal occupant, and then computes the deviation of a given instance of occupant behavior from this ideal.
Finally, it expresses this deviation in energy terms (kWh) as wasted energy. Two different but related focuses
of such a behavior evaluation tool can be identified: behavior modification to conform with some predefined
norm, or energy wastage estimation. These two goals are not necessary congruent, since aiming for one
could imply violating the other. For example, previous research has shown that trickle ventilation during the
heating season (i.e. with windows opened only a small angle while hinged on the bottom side) leads to severe
energy losses, compared to the so-called shock ventilation (with windows fully opened while hinged on the
side) [27]. (These multi-modal windows are commonplace in Germany.) However, trickle ventilation leads to
more energy wastage only because occupants tend to leave windows in that state for long periods due to its
poor efficiency in refreshing the room air, leading to the cooling down of the walls. Evaluation with focus on
behavior modification discourages patterns of behavior like trickle ventilation, while focus on energy evaluation
judges the energy impact of particular instances of behavior that lead to energy wastage.
Effectively, the behavior modification-focused method of intervention tends towards a rule-based system, in
which a consistent set of relatively simple rules are defined by which user behavior is judged. These rules
do not have to be accurate in the physics sense in its assumptions, but only need to be self-consistent, that
is – roughly speaking – given similar inputs, they produce similar outputs. On the other hand, model-based
systems are more appropriate when the focus is estimating energy wastage. Here, the physical processes



involved and their relationships are represented using laws of physics.
2.4.1. Hybrid Evaluation Model

Juracle uses a hybrid approach: it focuses on the behavior modification goal, and derives a set of physics-
informed rules with the following attendant characteristics. First, the ideal occupant is defined in terms of
duration of window opening, and the chosen setpoint temperature. A quota is assigned for the ideal occupant
and deviations are computed from this quota for real occupants. Secondly, trickle ventilation as a pattern of
behavior is discouraged. Therefore a penalty factor scales the trickle ventilation duration to deplete the quota
more quickly. Thirdly, the computed deviations based on the measured criteria are applied to a reference model
to derive an estimate of the energy ”cost” of the deviations (in kWh). Finally, since the rule-based system has
fewer parameters than a model-based system, it tends to be more easily scalable than a purely model-based
system which has to take into account the variations of the physical properties of the different buildings and
interactions.
The penalty derived from Juracle is applied to JuPower game as a demand increase for which CO2 emissions
must be minimized in the game.
2.5. Experiment Design
In order to evaluate the effectiveness of the suite of applications in concert, an experiment design has been
conceived and the experiments are currently ongoing. Some of the questions that the experiment design aims
to answer are:

• What are the effects of the behavior evaluation strategy on behavior, both in terms of user actions as
compared to the ideal scenario, and in terms of actual energy savings?

• What additional effect does the JuPower serious game have when coupled with behavior evaluation, and
what is its stand-alone effect?

• What are the effects of visualization and control, without evaluation?

To this end, the experiment design strategy involves grouping nearly 500 offices across more than ten buildings
into teams with various combinations of features enabled for each team. Depending on the set of enabled
features, these teams are grouped into independent experiment sets on the basis of feature compatibility. The
design of each of these experiment sets provides the potential to answer specific research questions, such as
those outlined above.

3. Results and Discussion
The Energy Dashboard has been used by more than 1,300 staff members since its release in mid-2020, or
about one-fifth of the population of the campus. JuControl has been available in one building for well over a
year, and has formed a core part of the heating regulation of the rooms in the building. However, as mentioned
earlier, the main experimental run and evaluation of the suite of applications only just began, and only limited
initial data on user evaluation is available. The JuPower game has only been played in test phases, and the
development of Juracle was only recently concluded. Nevertheless, the results of the evaluations of the apps
as stand-alone units are presented in the following sub-sections, covering mainly the user interaction and user
experience evaluation and feedback obtained through co-design workshops.
3.1. Co-Design Process
The energy dashboard suite was developed using a co-design process. In this way, future users of the dash-
board were actively involved in the development cycle and feedback and results were collected at several points
in the process. A total of four co-design workshops targeting different aspects and developmental stages of the
Energy Dashboard suite have been carried out, apart from various additional less-structured usability tests.
During the co-design workshops, volunteers were granted alpha- and beta-stage access to test the dashboard
components and provide feedback on existing features. Furthermore, during the co-design workshop events,
potential features and further development concepts were discussed in detail. The results of these four work-
shops are summarised in the following paragraphs.
3.1.1. Co-Design Results: Energy Dashboard and JuControl

Beyond the standard requirements for user friendliness, the barrier to on-boarding for the applications should
be as low as possible. By following a web-based approach, the applications do not require a separate installa-
tion step. Additionally, the responsive design that caters to different device sizes and orientations for the Energy
Dashboard and JuControl made it possible to view these apps on mobile devices and tablets. Furthermore,
to ease the burden of password management and mitigate potential security issues related to credentials, we
integrated authentication via the institution-wide Shibboleth authentication. Thus, the authentication process
was the same for the users as for most other services they access in their regular work.



Figure 8: C02 health chart developed as a result of feedback from
users, in order to understand the values shown.

Figure 9: JuPower screenshot show-
ing main actions and their completion
status.

Again, users expressed the wish to have data shown on a spatial granularity level below the campus or building
level, i.e. the floor or room level, so that they can reconcile the data to their own contributions. The implemen-
tation of this wish was the development of JuControl.
Furthermore, given the diverse range of specializations in the campus, it was necessary to not assume a
knowledge of energy systems on the part of the users. This meant that all necessary information needed to
understand the visualizations were made available in the application. For example, in JuControl a health chart
is shown alongside the CO2 concentration for the room, as shown in Figure 8. This was the result of feedback.
Yet again, whilst the applications are designed to maximize user interaction, users expressed fears about the
apps being a distraction from work by requiring too much attention. To this end, a notifications management
system was developed that allows users to be notified by email about certain events (e.g. when CO2 concen-
tration is above their defined threshold), or even turn off notifications completely. When the notifications are
on, their frequency is throttled.
3.1.2. Co-Design Process for JuPower

For the JuPower game, for which two co-design workshops were conducted, the feedback were received and
implemented. In general, the game was well received. Some key aspects are outlined as follows.
First, the game application included a manual that explained the objectives and functionalities in the game.
However, multiple test users reported that they found this manual too long and not easily readable, and pre-
ferred scan-only help information with relevant information highlighted. In response, we introduced the Quick
Start section with selected bolded text that summarized the most important points, alongside visual aids like
images and illustrations. In the same vein, to reduce the risk of information overload, an Actions widget was
introduced, which showed the three main steps involved in the gameplay and their completion status (see Fig-
ure 9). Additionally, a short tutorial video of about 15 minutes was made to introduce the main features of the
game, which several participants found helpful.
Secondly, since the game usually runs over several weeks, and each stage of user interaction can be spread of
several days, it was helpful to notify users of the game phase transitions and impending deadlines by email. The
emails contained the relevant description for the phase, and any actions that were necessary were included as
clickable links in the email.
Finally, to reduce the cognitive load required to play the game, we reduced the range of component options
available to the player in the design of an energy system, based on feedback. Furthermore, the number
of exposed parameters for each component was reduced to the bare essentials, in order to make decision
making easier for the players.
3.2. Occupant Behavior Evaluation
The main experiment phase of the project for evaluating the energy efficiency of occupant behaviour ran
from 13.03.2023 to 28.04.2023 (inclusive). Figure 10 shows the number of offices activated in JuControl by
occupants (after all occupants in each office digitally granted consent for data visualization), broken down into
pre-experiment and experiment periods. In about half of the teams, an activation level of at least 50% was
achieved in the end, and more than 70% activation in a quarter of the teams.
Figure 11 below shows the evaluation results for one working week for an office, as well as the team average
and the global average of all teams in the experimental group, while Fig 12 compares the average penalties
for all teams in the given experimental group for a given working week. The colored regions correspond to a
three-color traffic-light rating scheme, in which the energy penalties are assigned to traffic-light colors based
on a predefined scheme. The color boundaries are: Green: up to 2,120 kWh; Amber: 2,121 kWh to 4,146
kWh; Red: over 4,146 kWh. The energy penalty value represents the amount of energy lost in a day in the
campus, if all offices in FZJ would have a similar occupant behavior profile as the evaluated office or team.
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Figure 10: Activation of JuControl in offices by occupants, according to team. The pre-experiment status is
shown (blue), along with the additional activation due to the experiment run (red), and non-activated offices
(green). Teams T1 and T5 are located in pilot buildings, in which the initial test installations were carried out
prior to subsequent extension to other buildings.

Figure 11: Evaluation penalties for the FZJ campus based on the occupant behaviour for an office (”My
Room”), within a team (”My Team”), and for all teams in an experiment group (”All Teams Average”) for one
evaluation week (week days).

4. Conclusion
In this paper, a suite of user-facing applications that were developed at Forschungszentrum Jülich to drive
user engagement with the overall goal of improving occupant energy behavior was described. With the Energy
Dashboard, the user has access to building and campus level energy-related data, including consumption data
for heating and electricity. Furthermore, comparisons can be made across buildings based on the data. JuCon-
trol increases the spatial granularity to the room level, and introduces data about other measures like indoor air
quality. Furthermore, it enables the control of the occupant’s heating energy system. These applications have
successfully been used in the field for several months (extending up to 4 years in some cases). The JuPower
game has been successfully tested and applied in the experiment phase, as well as Juracle’s behavior evalu-
ation. In conclusion, the suite of software applications and the strategy of combining and deploying them hold
great potential for influencing user behavior towards increased energy efficiency.



Figure 12: Evaluation penalties for the FZJ campus based on the average occupant behaviour within each
team in an experiment group for one evaluation week (week days).
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Abstract: 

Heat pump systems are a key technology towards the decarbonisation of district heating systems as they can 
leverage renewable energy sources and industrial excess heat. Large-scale heat pumps are prone to a variety 
of faults related to the heat source. Heat exchanger fouling is one of the most common types of faults, which 
corresponds to the undesired deposition of material on heat transfer surfaces. This fault can be mitigated by 
the use of different cleaning procedures such as cleaning-in-place. The optimization of the time interval 
between cleaning periods requires the estimation of the effects of fouling on the heat pump performance, which 
are often difficult to determine. The present study proposes a framework for online monitoring of a large-scale 
heat pump affected by evaporator fouling based on a quasi-steady-state simulation model. Model parameters 
related to the heat transfer coefficients and fouling were repeatedly adjusted by means of a dynamic calibration 
approach. The framework retrieved operational data from a cloud-based data management system and 
leveraged existing sensors and controllers in the heat pump. The results indicated that fouling had a larger 
effect on the thermal resistance than on the pressure drop in the evaporator. The framework also allowed to 
identify the extent to which a cleaning-in-place system enabled to reduce the evaporator thermal resistance 
caused by fouling. Overall, the results from the proposed framework showed its potential to describe the 
operation of the heat pump and to determine the effects of fouling on a real-time basis.  
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1. Introduction  
Heat pumps (HPs) are expected to play a major role in the decarbonisation of district heating systems. Today,  
around 90 % of the global heat supply derives from fossil fuels [1]. HPs enable waste heat recovery and 
utilization of renewable energy sources. Further, they couple the power and heating sectors, which can support 
the accommodation of large shares of electric energy from renewable sources in the system. The performance 
and/or availability of HPs is often negatively affected by faults related to the heat source, as described by HP 
operators and service providers in [2]. A literature study [3] distinguished fouling in the source side of heat 
exchangers to be among the most common faults in large-scale HPs. This fault consists of the deposition of 
material on heat transfer surfaces and in pipes, which can increase the pressure drop and thermal resistance 
in heat exchangers. As mentioned in [4], the characterization of fouling is challenging, particularly due to 
uncertainties on the initialization of the deposition process and its growth rate.  

Commonly used technologies for the mitigation of fouling are cleaning-in-place (CIP) systems. These include 
mechanical and chemical cleaning processes [5], which are often off-line i.e. are applied while the heat pump 
is not in operation. Hence, finding the optimal moment and duration of the CIP activation represents a techno-
economic optimization problem. This requires information about the extent to which a particular CIP is able to 
remove the deposited material as well as information about downtime and CIP implementation costs. A study 
[6] highlighted the challenge of predicting the thermal resistance attributed to fouling in the source stream heat 
exchanger of a large-scale wastewater heat pump. This study used data-driven regression models for the 
prediction of the thermal resistance caused by fouling. The data-driven regressions model were designed for 
the purpose of optimizing the cleaning procedures.        

Physics-based simulation models are useful for the design of HPs and their components, mainly because they 
are applicable to a wide variety of boundary conditions and system configurations. However, the structure and 
parametrisation of such models is often fixed and does not adapt to time-dependent variations in the HPs they 



 
 
represent. Such variations can be caused by faults or wear of components. In order to overcome this limitation, 
physics-based models may be complemented with numerical models derived from observations or data-driven 
models for the provision of services for HPs. Examples of such services include fault detection and diagnosis 
[7,8], operation monitoring [9], and defrosting optimization [10]. 

The provision of model-based services for HPs used for district heating supply still remains limited. A model-
based monitoring and optimization framework has the potential to characterize the operation of a HP for a wide 
range of operational conditions and identify parameters that could enhance the HP performance. In particular, 
a thermodynamic model that could adapt its structure based real-time monitored data may enable the 
characterization of incipient faults affecting the HP, which has not been found in previous studies. The present 
study aimed at the increase of a HP performance through an improved CIP planning procedure characterized 
by an automatic model calibration framework. This framework was based on the integration of a physics-based 
model of the HP with data-driven optimization methods for model calibration.      

2. Method 

2.1. Case study heat pump 

The operation of a two-stage ammonia HP with a design heating capacity of 2 MW was analysed in this study 
and its layout is shown in Figure 1. The HP is used for the provision of heat at around 68 °C to a local district 
heating network located in Copenhagen, Denmark. The heat source is industrial wastewater at around 23 °C 
originated from a biochemical plant. The desuperheater (DSH), condenser, receiver and subcooler (SC) are 
embedded in a single shell-and-plate heat exchanger unit. The evaporator is also a shell-and-plate heat 
exchanger and is in direct contact with the industrial wastewater. Each of the two stages in the HP includes a 
reciprocating compressor and an electronic expansion valve. An open intercooler connects both stages. The 
HP is controlled by means of the six controllers shown in Figure 1.   
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Figure 1: Layout of the two-stage ammonia HP used as case study 

The direct contact between the industrial wastewater and the evaporator leads to the presence of fouling in 
this component, which is mitigated periodically by means of a CIP system. The CIP is used off-line and 
circulates a chemical solution for the removal of deposited inorganic and organic materials. These materials 
derived from the industrial processes performed in the biochemical plant. Currently, the frequency of the CIP 
implementation is defined heuristically by the HP operator based on observations on a decrease in the 
evaporation pressure (pe). 



 
 

2.2. Simulation model 

The quasi-steady-state model of the HP shown in Figure 2 was developed in the programming language 
Python. The model took as input variables the source inlet and outlet temperatures (Tsource,in and Tsource,out, 
respectively), the sink inlet temperature (Tsink,in), the set point for the intermediate pressure (pm,sp) as well as 
the volume flow rates in the source and sink streams (V̇source and V̇sink, respectively). The refrigerant states and 
mass flow rates, heat output and power intake from the HP were determined through an iteration routine that 
solved the mass and energy balances of the components shown in Figure 2. This was done by the Newton-
Raphson method with a tolerance of 10-9, which identified the condensation and intermediate and pressures 
(pc, and pm, respectively), as well as the speed of the low-stage (LS) compressor (NLS). Here, the residuals 
were the difference between the estimated and real area of the condenser (Acond,calc and Acond), the estimated 
and real cooling capacity (Q̇source,calc and Q̇source) and the LS mass flow rate estimated from the intercooler and 
the LS compressor models (ṁLS,IC and ṁLS). An upper level iteration process enabled to identify the speed of 
the high-stage (HS) compressor that led to a minimum difference between the intermediate pressure (pm) and 
its set point (pm,sp). This was performed by the least-squares method with a tolerance of 10-5. The Python 
module SciPy [11] was used for the implementation of the least-squares method. The refrigerant state 
calculations were performed with the Coolprop database [12]. The simulation of the quasi-steady-state model 
was done through multiprocessing, where 10 processing units were used in parallel within a single computer. 
Here, a simulated period was divided into 10 segments. All segments were simulated by different processors 
and the guess values were adjusted dynamically within each processor, namely the simulation results from a 
point in time i were used as guess values for the following point i+1. As a reference, the simulation of one hour 
of HP operation (i.e. 60 one-minute data points) required approximately 10 seconds when using 
multiprocessing an dynamically adjusted guess values, whereas it took around 113 seconds with a single 
processor and fixed guess values. 
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Figure 2: Flow diagram of the HP simulation model  



 
 
The thermal resistance (Rth,f) and source stream pressure drop due to fouling (dpf) were included as input 
parameters in the evaporator, which were later adjusted based on measurements through the calibration 
process described in Section 2.3.2. The Rth,f was calculated based on Eq. (1), where the thermal resistance of 
the evaporator under clean conditions (Rth,eva,clean) was subtracted to the total thermal resistance (Rth,eva). Both 
thermal resistances were obtained as the inverse of the UA-value of the evaporator. Similarly, dpf was 
determined based on Eq. (2) as the total pressure drop in the evaporator source side (dpeva) minus the source 
stream pressure drop that was not caused by fouling (dpeva,clean). The latter was determined by fitting a 
quadratic regression model between the volume flow rate in the source stream and the pressure drop in the 
evaporator right after the CIP was applied. Thereby, the influence of fouling was neglected in such a regression 
model.  

𝑅th,f = 1/UAeva − 1/UAeva,clean  = 𝑅th,eva − 𝑅th,eva,clean                             (1) 

𝑑𝑝f = 𝑑𝑝eva − 𝑑𝑝eva,clean                                (2) 

The design parameters used in the model are shown in Table 1 and were provided by the HP manufacturer. , 
the pinch point temperature difference in the condenser (dTpp,cond) was assumed to be 5 K. The isentropic and 

volumetric efficiencies of the compressors (ηis and ηvol, respectively) were calculated as a function of the 

compressor speed and the pressure ratios by using polynomials that were determined from information 
provided by the HP manufacturer. 

Table 1: Input parameters used in the simulation model 

Component Input parameter Symbol Value Unit 

DSH Overall heat transfer coefficient UDSH 230 W/m2K 

 Heat transfer area ADSH 27.8 m2 

Condenser Overall heat transfer coefficient Ucon 1210 W/m2K 

 Heat transfer area Acon 100.6 m2 

 Pinch point temperature difference dTpp,cond 5 K 

SC Overall heat transfer coefficient USC 452 W/m2K 

 Heat transfer area ASC 23.1 m2 

Evaporator Overall heat transfer coefficient Ueva 3000 W/m2K 

 Heat transfer area Aeva 91.96 m2 

 LS suction superheat dTSH 1 K 

Low-stage compressor Swept volume Vs,LS 1018 m3/rev 

 Speed NLS 700-1800 rpm 

High-stage compressor Swept volume Vs,HS 532 m3/rev 

 Speed NLS 700-1800 rpm 

 

After the calculation of all the refrigerant states and water outlet temperatures, the model calculated the total 
heat output (Q̇sink) and the coefficient of performance (COP) of the HP based on Eq. (3) and Eq. (4). Here, it 
was assumed that the specific heat capacity (cp,w) and density of water (ρw) were constant and equal to 4.18 
kJ/(kg∙K) and 998 kg/m3, respectively.    

�̇�sink = 𝑐p,w ∙ 𝜌w ∙ �̇�sink ∙ (𝑇sink,out − 𝑇sink,in)                                     (3) 

COP = �̇�sink/�̇�total                                                           (4) 

2.3. Monitoring framework 

The framework proposed in this study consisted of the main components presented in Figure 3. Data from the 
HP controllers and sensors was accessed by the HP operator through a supervisory control and data 
acquisition (SCADA) system. The data from the SCADA system was made available to third-party actors 
through a cloud data management system, which enabled the storage and retrieval of operational data in real-
time through an application programming interface (API). Such operational data from the HP was used to 
calibrate the simulation model described in Section 2.2.  
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Figure 3: Flow diagram of the proposed monitoring framework 

2.3.1. Data retrieval and processing 

In the present study, the operational data from the case study HP was retrieved with a one-minute interval. 
The retrieval and processing of data was performed through Python. Here, the data processing consisted on 
the calculation of all the refrigerant states shown in Figure 1, for which the Coolprop database was used. This 
allowed to determine the COP and Q̇sink from the HP by the use of Eq. (3) and Eq. (4). The total operational 
period included in the present study was 19 days. That period incorporated the activation of the existing CIP 
system for approximately 3 days, where the HP was not in operation.   

2.3.2. Model calibration 

Two calibration processes were applied in the proposed framework, namely the initial calibration and fouling 
calibration processes. The initial calibration was performed based on operational data obtained from the HP 
manufacturer. Here, the HP was tested under controlled conditions before it was delivered to the end user and 
thereby fouling was not present. The fouling calibration was based on operational data obtained from the 
SCADA system through the API. The specific period used for fouling calibration could be selected by the user 
and should represent periods where is required to analyse the effects of fouling on the HP. In this study, two 
different operational days were used for fouling calibration, one day before and one day after the CIP 
implementation. The initial and fouling calibration were comprised of an optimization process where the 
parameters shown in Table 1 were adjusted. This process minimized the normalized root mean square error 
(NRMSE) between measured and simulated outputs of interest or calibration targets over a period n, as shown 
in Eq. (5) and Eq. (6). The normalization was performed through the mean of the measured calibration target 

over a period n (Target̅̅ ̅̅ ̅̅ ̅̅ ̅). Multiple targets were used in a single optimization process, where each CT was 



 
 
related to a specific weight (w). The targets for the initial calibration were Q̇sink, the total power intake from both 
compressors (Ẇtotal) and the evaporation pressure (pe), with weights equal to 33.3 % for each target. For the 
fouling calibration, the targets were the source pressure drop in the evaporator (dpeva) and pe, where each one 
had weights equal to 50 %. The weights were determined heuristically were all targets where assumed to have 
the same relevance.  

Table 2: Parameters calibrated in the initial and fouling calibration processes. 

Calibration process Calibration parameter Symbol Variation 
range 

Unit 

Initial Correction factor for DSH U-value CFDSH 0.3 to 1.7 [-] 

 Correction factor for condenser U-value CFcon 0.3 to 1.7 [-] 

 Correction factor for SC U-value CFSC 0.3 to 1.7 [-] 

 Correction factor for evaporator U-value CFeva 0.3 to 1.7 [-] 

Fouling Fouling-related evaporator thermal resistance Rth,f 0 to 0.02  [K/kW] 

 Fouling-related evaporator pressure drop dpf 0 to 0.5 [bar] 

 

min 𝑓(Parameter) = ∑ w𝑖 ∙ NRMSE𝑖
n
𝑖=1                                                  (5) 

  NRMSE𝑖 = Target̅̅ ̅̅ ̅̅ ̅̅ ̅
meas

−1
∙ √n−1 ∙ ∑ (Targetsim,i(Parameter) − Targetmeas,i)

2n
𝑖=1                (6) 

Time-invariant parameters were adjusted in the initial calibration, which corresponded to correction factors 
(CFs) for the overall heat transfer coefficients or U-values in the heat exchangers. In the fouling calibration, 
time-dependent parameters related to fouling were calibrated, namely Rth,f and dpf. The bounds for the 
calibrated parameters are shown in Table 2. The solution of Eq. (5) and Eq. (6) was obtained through the 
sequential least squares minimization algorithm available in the SciPy module in Python. The tolerances for 
both the initial calibration and the fouling calibration process were 10-5. 

3. Results 
This section shows the results of the proposed monitoring framework, where the operation of the case study 
HP was monitored and analysed.  

3.1. Simulated HP operation 

Figure 4 and Figure 5 shows the time-series of the simulated and measured operational variables for a period 
of 19 days. The initial calibration reduced the difference between simulated and measured COP, Q̇sink and pe. 
This difference was reduced even further after the implementation of fouling calibration before the CIP. After 
the CIP was used, the fouling calibration process reduced the difference between the simulated and measured 
pe, but not to the extent seen before the CIP. Moreover, the difference between simulated and measured Q̇sink 
increased slightly after the second fouling calibration process. The results of the initial calibration process were 
probably not completely applicable for the period after the CIP, where the effects of fouling on the HP were 
low. Before the CIP, the mismatch between simulation and measured variables was likely to be lumped into 
the evaporator thermal resistance attributed to fouling. Regarding the pressure drop in the source stream, only 
the fouling calibration processes before the CIP led to a higher correspondence between the simulated and 
measured dpsource compared to the period before calibration. This indicated that the CIP did not have a 
significant effect on the removal of the effect of fouling on the source stream pressure drop.   



 
 

 
Figure 4: Time-series of the measured and simulated source stream pressure drop as well as evaporation 
pressure.  

 
Figure 5: Time-series of the measured and simulated COP as well as heat output. 

3.2. Residual analysis 

The residuals shown in Figure 6 represent measured operational variables minus their respective simulated 
values. These residuals were not those presented in Section 2, as they were not normalized and were not 
used in the iteration processes for simulation (Figure 2) or calibration (Figure 3). The results from Figure 6 
indicated that the fouling calibration implemented before the CIP period reduced the absolute value of the 
residuals related to dpeva, pe, Q̇sink and Ẇtotal. This was also valid for the fouling calibration applied after the 
CIP, except for dpeva, which did not change significantly as a result of such a calibration. This was possibly an 
indication the CIP did not have a significant effect over the pressure drop caused by fouling. The initial 
calibration was observed to have a larger effect on the reduction of the discrepancies between measured and 
simulated values of COP and Ẇtotal. This was expected given that the correction factors for the UA-values were 
calibrated in the initial calibration process. This led to an improved estimation of the pressure levels in the HP 
and thereby the total power intake from the compressors. The residuals shown in Figure 6 also showed that 
the dynamic behaviour of the case study HP was not completely represented by the simulation model. This 
was observed by the biased patterns in the residuals from the pe, Q̇sink, COP and Ẇtotal, which can be seen in 
Figure 6 at around 8000 min and 24000 min of operation.    



 
 

 

Figure 6: Residuals between simulated and measured operational variables of the HP. 

3.3. Calibration results 

Table 3 shows the parameters obtained from the calibration processes illustrated in Figures 4, 5 and 6. The 
calibration results of the correction factors showed that the U-values of the condenser, SC and evaporator 
presented in Table 1 were over-estimated, whereas they were underestimated for the DSH. This may also 
relate to a disagreement between the design and actual flow velocities as well as the temperature difference 
at the pinch point, which was assumed to be 5 K (see Table 1). The correction factors for the other heat 
exchangers were not significantly adjusted. The results showed that the Rth,f and dpf were reduced significantly 
as a result of the CIP (around 41 % and 100 %, respectively). However, the value of dpf represented only 
around 15 % of the total source stream pressure drop shown in Figure 4. This was in agreement with the 
limited effect that the fouling calibration  had on the calibration of the total source stream pressure drop, 
observed from the residual analysis shown in Figure 6.         

Table 3: Parameters obtained from the calibration processes 

Calibration process Calibration parameter Symbol Result value Unit 

Initial Correction factor for DSH U-value CFDSH 1.12 [-] 

 Correction factor for condenser U-value CFcon 0.96 [-] 

 Correction factor for SC U-value CFSC 0.36 [-] 

 Correction factor for evaporator U-value CFeva 0.47 [-] 

Fouling (before CIP) Fouling-related evaporator thermal resistance Rth,f 2.2 ∙10-3  [K/kW] 

 Fouling-related evaporator pressure drop dpf 0.09 [bar] 

Fouling (after CIP) Fouling-related evaporator thermal resistance Rth,f 0 [K/kW] 

 Fouling-related evaporator pressure drop dpf 0 [bar] 

 



 
 

4. Discussion 
The automatic calibration method from the proposed framework reduced the discrepancy between the 
simulated and measured evaporation pressure, COP, heat output and source pressure drop (see Figures 4, 5 
and 6). The results also indicated that the influence of fouling over the source stream pressure drop was 
significantly lower than the effect over the evaporator thermal resistance and that the CIP implementation led 
to a larger reduction of the latter than the former.   

The relatively short simulation time used by the model applied in this study (around 10 seconds for the 
simulation of one hour) suggested its applicability for operation and fouling monitoring in a large-scale heat 
pump on a real-time basis. However, this would require the periodic verification of the validity of multiple factors 
that affect the simulation and calibration processes. These factors include the tolerances defined for the 
iteration residuals, the initial guess values and variation ranges for the calibration parameters, the optimization 
algorithm for NRMSE minimization, the selected calibration targets as well as the size and variability of the 
time-series data used for calibration. Those factors should be such that the best compromise is found between 
the required calculation time for calibration and the difference between simulation and measured data. 

The results obtained from the proposed framework did not provide an estimation of the amount of deposited 
material on the heat transfer surface of the evaporator. This can be estimated with dedicated sensing devices 
for fouling examination such as ultrasonic probes [13] or infrared thermography equipment [14], which are 
unlikely to be available in large-scale HPs. In this context, the proposed model-based monitoring framework 
leverages existing sensing devices such as pressure and temperature sensors in the evaporator to estimate 
the effects of fouling. However, the results from the proposed monitoring framework were not contrasted with 
measurements from dedicated sensing devices for fouling characterization. This represents an opportunity for 
future studies.            

The disagreements between the outputs of the model and the measured operational variables were probably 
lumped into the parameters adjusted in the calibration processes. For example, the difference between the 
heat transfer area of the heat exchangers in the model and in the case study HP was possibly included in the 
correction factors for the U-values in the model. Moreover, the assumption that those correction factors were 
calibrated based on an operational period when the evaporator was not affected by fouling due to the CIP 
usage, was not necessarily correct. Ideally, the initial calibration process should be based on an operational 
period right after fouling has been completely removed from the evaporator. In the present study, the correction 
factors obtained from the initial model calibration were also likely to include discrepancies between the model 
and the HP due to fouling. However, the evaporator of the case study HP could not be dismantled for cleaning, 
which prevented the complete removal of fouling. 

The model used in this study led to a suboptimal representation of the dynamic off-design operation of the HP, 
which was indicated by the biased patterns observed in the simulation residuals (see Figure 6). It would require 
the use of a dynamic model to capture most of the dynamics present in a HP. The development of a dynamic 
simulation model may require information about the volumes and materials of the vessels, control-related 
parameters, refrigerant charge estimations as well as heat transfer and pressure drop correlations. The 
development of a quasi-steady-state model does not require such a comprehensive description about the 
design of a HP. Moreover, the present study focused on fouling monitoring, which often affects the operation 
of a HP at a slower rate than abrupt faults like the presence of condensed refrigerant in the suction line of a 
compressor.  

The pumps in the secondary streams of the HP were not included in the simulation model. It is expected that 
the simulation residuals related to the estimation of power intake of such pumps will be reduced after the 
proposed fouling calibration framework is implemented. Modelling of the pumps could also indicate how the 
source side pressure drop affects the mass flow rate in the source stream. However, this adds complexity to 
the model, which may increase the time required for each simulation. Another limitation of the proposed 
framework was that it only enabled the analysis of historical data from the HP. The authors expect to 
complement the present version of the framework with forecasting methods that will enable the estimation of 
the future operation of a HP and the optimization of the time of CIP.     

5. Conclusion 
A quasi-steady-state simulation model of a heat pump used for district heating supply was calibrated based 
on operational data obtained from a cloud-based data management system. This framework enabled the 
estimation of the performance and the effects of fouling on the heat pump, even when the model did not 
represent accurately the dynamics of such a system. Particularly, the re-calibration of the model based on 
time-dependant parameters related to fouling allowed to obtain simulation results that were in agreement with 
measurements over a period of nearly three weeks. This allowed to assess the degree to which a CIP 
implementation reduced the evaporator thermal resistance and source stream pressure drop caused by 
fouling. The proposed framework could be used for real-time monitoring of large-scale heat pumps, where the 
relatively short simulation time achieved, automatic model calibration and leverage of existing sensing devices 
could be beneficial.  
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Nomenclature 

Abbreviations  Subscripts and superscripts  

API application programming interface  c condensation 

CF correction factor  calc calculated 

CIP cleaning-in-place  clean clean 

HP heat pump  con condenser 

HS high-stage  DSH desuperheater 

LS low-stage  meas measurement 

(N)RMSE (normalized) root mean square error  e evaporation 

res residual  eva evaporator 

SCADA supervisory control and data acquisition  f fouling 

   h heat output 

Letter symbols   in inlet 

A heat transfer area, m2  is isentropic 

dp pressure difference, bar  m intermediate 

dT temperature difference, K  out outlet 

ṁ mass flow rate, kg/s  pp pinch-point  

N compressor speed, rpm  s swept 

Q̇ heat flow rate, kW  sc sub-cooler 

p pressure, bar  sim simulation 

R thermal resistance, K/kW  sink sink stream 

T temperature, ˚C  sp set point 

U overall heat transfer coefficient, kW/Km2  source source stream 

V volume, m3  total total 

V̇ volume flow rate, m³/s  th thermal 

w weight, -  vol volumetric 

Ẇ power, kW  w water 

     

Greek symbols     

ρ density, kg/m3    

η efficiency, -    
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Abstract: 
Large thermal electric generation systems based on the Rankine cycle require monitoring the reduction of pipe 
wall thickness caused by vapor flow due to aging processes such as erosion and accelerated corrosion 
processes. The inspection difficulties are related to hostile environment (50 oC and 100 % relative humidity), 
and spaces with complicated geometry such as pipeline curves and their support structures. This work 
presents a monitoring program which integrates wall thickness inspections carried out with a robotic system 
and Industry 4.0 technology to handle collected data and to disseminate information throughout the 
organization. The robotic system is developed utilizing the digital twin technology, a very realistic virtual 
modeling scheme which allows interaction with the real-world environment. They include equipment and all 
the steps to carry out the inspection process. The pipe wall thickness monitoring system is to be utilized in 
Angra 1 (Brazil) nuclear power plant.   

Keywords: 
robotics; pipe wall thickness; nuclear power; Digital Twin; Industry 4.0 

 
1. Introduction  
In 2025, the Angra 1 nuclear power plant, located in Rio Janeiro state in Brazil, completes 40 years of operation 
and the owner Eletronuclear requested the Brazilian nuclear regulatory body to extend its operational life and 
renew the operating license for another 20 years. For life extension, it is necessary to carry out a wide range 
of plant aging management activities which may end up requiring to replace vessels and pipes which operate 
under high pressure and do not meet the regulatory agency's criteria to remain in service [1-3]. Large nuclear 
power plants have hundreds of meters of pipes under this situation and their wall inspection is among the ones 
more time-consuming procedures, around 300 hours. Erosion and flow accelerated corrosion processes 
induced by fluid flow are monitored through ultrasound inspections that seek to determine the reduction in pipe 
wall thickness [4-6]. 

This work presents the project of pipe inspection automation using a robot integrated with the Industry 4.0 
technology through wall thickness measurements using the ultrasound technique. The pipes belong to the 
secondary system from Angra 1 nuclear power plant, which include those under high pressure connecting the 
steam generators, turbines, condensers and all associated instrumentation and ancillary systems. The 
inspection environment is hot and humid (50 degrees Celsius and 100% relative humidity). The field space 
has complicated geometry and access to inspection locations due to support structures. The pipes have 
different diameters varying from 50 cm to 65 cm some are straight, and others curved and positioned in 
horizontal, vertical, or inclined directions. During a shutdown, more than 50,000 measurement points are 
performed [7,8]  

Robotic systems are used in different field applications and environments such as manufacturing activities but 
also in aerial inspection of structures [9], submarine inspections of structures [10,11] and even rubber tapping 
in plantations [7]. What they all have in common is that they feature a vehicle-handler system for inspection or 
other necessary on-site activity. The remotely operated vehicle contains a manipulator support platform, a 
robotic arm containing in its end effector with specific characteristics to carry out the activity, i.e. sensors to 
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carry out the measure of interest [12] or the production activity as rubber tapping [13]. To enable the inspection, 
the vehicle is moved to the designated locations for carrying out the activity. To control the trajectory of the 
robotic arm, the end-effector normally has sensors for vision and contact with surfaces [14-16]. 

The digital twin [6] is a project realization concept in which the environment, process or a single physical object 
is reproduced first in the virtual world and then in the real world. In the case of robotics, its function is to map 
the main characteristics of the object or physical process previously via virtual simulation and subsequent real 
implementation whether they are system maintenance [17,18], design and manufacture of products [19–21] or 
processes [22].  

 

2. Robotic system requirements  
It is desirable that the system has a communication interface with intelligence to process the data in the manner 
established by Eletronuclear and that allows identifying possible locations with thicknesses closer to 
acceptable limits or simply failures in the process of measuring the thickness of the pipe. In these cases, the 
robotic system can perform a sweep with more qualified inspection or repeat measurements. 

Figure 1 shows the inspection environment in the turbine building of the nuclear power plant Angra 1. Figure 
1a shows the current situation of manual thickness measurement. It is necessary to place scaffolding at the 
various measurement locations so that the technician has access to the measurement locations. It is seen that 
the environment has a flat floor that allows the movement of a vehicle. Figures 1b and 1c show pipe segments 
with indications of the places where thickness measurements will be taken and also the difficulty of access 
due to interference from other equipment and pipes in the vicinity. 

 

 
Figure 1. Environment in which measurements of the wall thickness of the pipes in the turbine building are 
carried out. (a) Flat floor site with scaffolding to allow access to pipes for manual measurements. (b) Pipe 
segment of different diameters inclined and difficult to access. (c) Piping in vertical position. The yellow circles 
indicate the locations where thickness measurements are performed using ultrasound.  
 

 

The industrial manipulator (robotic arm) must be able to access the external wall of the pipe and position the 
sensor installed in the end-effector in an appropriate way to carry out the measurements. Other sensors 
present in the end-effector are the contact and distance sensors between the surface that act as the “vision” 
to avoid collisions with the pipe and the correct positioning of the ultrasound sensor for measurements. A 
human operator is also foreseen to provide cognitive assistance for vehicle movement and inspection actions. 
The thickness measurement procedure is as follows: the UROV is moved and parked at certain locations. In 
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these places, the robotic arm moves and performs inspection on the surface and all thickness measurement 
procedures. 

The vehicle requirements are reduced size to allow access to the different measurement locations and have 
mechanical strength and space to accommodate the systems of the other two units. Piping access is a great 
challenge because there are positions where some “elbows” are close to walls and hostile places, making it 
difficult to position the robotic equipment for measurements in curved surfaces. 

 

3. Robotic system for measuring pipe wall thickness 

The Robotic System for Measuring the Wall Thickness of the Secondary Piping of the Angra 1 Nuclear Power 
Plant (SRME) is composed of 3 units. The first unit, called the Remotely Operated Vehicle Unit (UROV), is a 
vehicle that can be operated remotely to allow displacement of the SRME to tubes of different diameters and 
allow thickness measurements. The second unit, called Thickness Measurement Robotic Cell Unit (UMRC), 
is a robotic work cell indexed in the UROV, equipped with a robotic arm that performs the movements and 
inspection actions and that has sensors installed that allow the movement of the measurement points and the 
external measurement of the pipe wall thickness. The third unit, called the Communication, Power Supply and 
Ancillary Services Unit (UCPA), contains all other SRME systems such as power supply cables, data 
transmission cables, real-time information, computers and ancillary equipment. The study on automatic 
thickness measurement uses the GP-7 robot from the manufacturer Yaskawa-Motoman [23]. This robot weighs 
34 kg, has a reach of 927 mm horizontally and 1693 mm vertically and has a payload capacity of up to 7 kg. 
With these attributes, this robot can be used in the field. The robot programming is done using the digital twin 
technique using the Process Simulate software version 15.1.2.  

The Remotely Operated Vehicle Unit (UROV), shown in Figure 2, is designed to access as many pipe runs as 
possible. The UROV is moved by the human operator to the closest possible location to the measurement 
point and makes it possible to move the end-effector via remote actuation for displacements in the x-y-z axes 
for the best positioning of it for carrying out thickness measurements. 

 
 

 

 
Figure 2. Unit Remotely Operated Vehicle (UROV) with caster system: (a) The X-AXIS describes the 
horizontal translation movement of the mechanism in the X direction, the Y-AXIS in the Y direction and the Z-
AXIS describes the vertical translation movement of the mechanism in the Z direction. The TEL-Z-A-AXIS 
describes the vertical translation movement of the mechanism in the Z direction with retractable or telescopic 
articulation and the TEL-Z-B AXIS describes the vertical translation movement of the mechanism in the Z 
direction with retractable or telescopic articulation telescopic after displacement of the AXIS-TEL-Z-A. (b) In 
this figure, the yellow color describes the horizontal translation movement of the mechanism in the Y direction, 
the green color describes the horizontal translation movement of the mechanism in the X direction, and the 
blue color describes the horizontal translation movement of the mechanism in the X direction. Y direction. In 
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figures “A” Mathematical modeling in x-y-z by means of horizontal movements, x and y, and telescopic 
elevation in z with two additional prismatic movements and “B” the corresponding movement of the end-effector 
on the robotic arm with five degrees of freedom of the measuring robotic cell with teleoperation system. 

 

 

Figure 3 shows the URMC Robotic Thickness Measuring Cell Unit with a robotic arm having six degrees of 
freedom to reach a 65 cm diameter pipe and the end-effector. After marking with points offset by 30 degrees, 
thickness is measured on a 144-point grid. A reservoir installed at the base of the robotic arm with coupling 
liquid that varies according to the type of material, but is essential to perform the thickness measurement. 

 

 

 
Figure 3. Thickness Measurement Unit (URMC): 1) Piping is where the process of measuring thickness using 
the ultrasound technique is concentrated and requires the preparation of the surface of the external piping to 
carry out the measurement, instrumentation, specification and calibration of the ultrasound measurement 
system point transducer type and surface scanning type ultrasound. 2) Robotic arm and end-effector. 3) 
Reservoir with coupling liquid. 4) End-effector (thickness gauge) can accurately and quickly measure the 
thickness of the walls of the pipes at the determined points.  

 

 

The design challenge consists of integrating thickness measurement, analysis, treatment and storage of 
information in a safe and reliable way. The industrial robot needs to receive measurements from the electronic 
transducers of the system that performs the measurement and store them in variables. These variables need 
to be defined and the technologies that enable Industry 4.0 follow data security protocols and interface 
communication that can be customized according to the needs of the company, in this case, Eletronuclear. 

Robotic manipulators have positioning problems, speeds and forces applied in any type of movement. The 
definition of the trajectory of the GP-07 robot in three-dimensional space, called direct kinematics, is done with 
the SIMULATE software. Figure 4 shows the relationship of programming via Digital Twin with the SIMULATE 
software and the movement of the robotic arm that determines the location of the end-effector. This software 
uses the Denavit-Hartenberg notation to assign to the robotic system an orthonormal coordinate system for 
each link of the kinematic chain [4,5,24]. 
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Figure 4. (a), Symbols I0, I1, I2, I3, I4, I5 and I6 in a chain representing the homogeneous transformation 
matrices according to the Denavit-Hartenberg notation from the base of the robot to axis six, respectively. The 
symbols J1, J2, J3, J4, J5 and J5 represent the links between the rotation joints of the six degrees of freedom 
of the robot, respectively. (b) In this figure, the colors of each physical joint of the robot correspond to the same 
colors as the matrices in figure (a).  

 

The development of the kinematics is done after obtaining the Denavit-Hartenberg parameters of the GP-07 
robot [5]. This robot has a reach of 927 mm horizontally and 1693 mm vertically with a payload capacity of up 
to 7 kg. Once this coordinate system for adjacent links is established, it can be represented by a homogeneous 
coordinate transformation matrix. With this information, the kinematics of the robotic movement is built, 
precisely defining the position and orientation of the end-effector next to the surface for carrying out the 
measurement.  

The method used to obtain the results of direct kinematics in virtual space (Digital Twin) showed good precision 
performing joint, linear, circular and spline interpolated trajectories. 

 

 

4. Conclusions 
To ensure that the prototype results are suitable for the effective use of SRME in Angra 1, all prototype design 
requirements must take into account the environment where thickness measurements take place in the Turbine 
Building. This article presents a work stage that considered important aspects of the Angra 1 power plant 
project. It was possible to model the virtual commissioning activities, transfer all information and project data 
automatically to the physical project of the SRME. Access to the measurement sites occurs through two 
movements: the UROV and the UMRC. The UROV is moved by the robotist to the closest possible location to 
the point of movement. From this point, via remote actuation, the robotist can move the support base of the 
robotic arm in x-y-z by means of horizontal movements, x and y, and elevation, z. 

The second movement is provided by the UMRC robotic arm. This allows greater access to the pipes. The 
movement of the support base of the robotic arm has a mathematical model with a telescopic concept of the 
z axis. It is expected a significant productivity gain in this process, as the entire programming of the physical 
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robot, an important part of the project to carry out the process of measuring the thickness of the pipes, is 
transferred directly from the virtual project (digital twin) to the real robot. 
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Abstract: 

This paper presents an optimal management strategy, called Building Optimizer, based on a Model Predictive 
Control (MPC) approach with self-learning capabilities for buildings. This research is framed in the 
development of an agent-based architecture to provide demand response services in an Energy Community 
to optimise the management of renewable energy sources and provide grid stability. The proposed MPC is a 
key enabler of cooperative demand response strategies at community level, ensuring the allocation of an 
optimal demand profile at each participating member of the community according to an optimal consumption 
reference defined by a complementary agent at community level. The MPC calculates the optimal setpoints of 
the HVAC system’s terminal units, considering the expected usage of the buildings and the outdoor conditions, 
and exploiting the building's thermal inertia. The models embedded in the MPC are grey-box models 
representing a thermal zone of the building. To reduce measurement and model uncertainties, these models 
incorporate self-learning capabilities implemented as Moving Horizon Estimators that perform a continuous 
calibration based on real-time operational measurements. This solution allows full automation for model 
calibration and management of the terminal units. This paper presents a case study in which a baseline MPC 
with fixed model parameters obtained by an offline calibration is compared to the Building Optimizer with self-
learning capabilities. The Building Optimizer is able to track a requested power consumption providing up to 
20% of flexibility compared to the reference consumption without demand management and guaranteeing 
thermal comfort, at least 98% of the time. For this scenario, the Building Optimizer proves more reliable in 
guaranteeing the thermal comfort and a better match to the requested consumption compared to the baseline 
MPC. Demand-side management by the MPC can be translated into up to 15% energy shift from peak hours 
to valley hours. 

Keywords: 

Optimization; MPC; Building; Energy Community; Demand Response; Self-learning; Renewable Energy 

1. Introduction 
Building sector represents 40% of European energy consumption, of which 80% is covered by fossil fuels [1]. 
This sector also accounts for 35% of EU greenhouse gas (GHG) emissions [2].  In consequence, European 
decarbonization policies and strategies have this sector as one of the most relevant ones [3]. The renewable 
energy sources (RES) play a fundamental role in this decarbonisation path for switching to greener energy 
sources and lowering CO2 emissions. However, the increase in the renewable energy share in the energy 
generation entails some challenges due to the inherent unpredictability and intermittency of RES and the 
mismatch between the peak production periods and the peak demand periods, which can even lead to grid 
stability problems [4]. Demand Response (DR), which aims at modifying the consumption load curve, is a 
crucial tool for RES penetration in the electric system [5]. The residential sector has a great potential for DR 
that is still unlocked [6]. The residential sector's main end-use, accounting for between 60 and 80% of total 
energy consumption, is space heating [2]. Thus, there is a huge potential for the application of DR for heating 
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[7], by exploiting buildings’ thermal inertia. Moreover, considering the flexibility of a cluster of buildings, such 
as a Citizen Energy Community [8] or Renewable Energy Community [9], potentially increases the capacity to 
exploit flexibility [10].  Several studies focus on Demand response applied at building level. Most of these 
studies consider electric tariff prices to perform peak shaving actions. They often use Model Predictive Control 
(MPC) technique for the optimal management of the building, a widely used predictive technique for buildings 
[11]. The MPC uses a predictive model of the building that allows it to anticipate peak demand and take 
advantage of the building's inertia, thus improving thermal comfort compared to simpler controllers based on 
PIDs or on/off controllers. It also allows the inclusion of additional targets to be optimized, which opens a wide 
range of possibilities. The most widely used approach among MPC types is the so-called economic MPC that 
minimises the power consumption or energy cost consumption [12,13]. Some examples are [14] that manages 
the cooling demand of a house to reduce the peak periods, and [15] which proposes an economic MPC based 
on electricity variable prices. Some studies focus on demand response actions instead of a direct reduction on 
the power, such as [16] in which a hierarchical MPC is used for load shifting in a building, and [17] to perform 
DR actions at a building taking advantage of installed PV. However, less attention has been paid to DR oriented 
to a cluster of buildings, such as Energy Communities (EC), as [18] states. A few studies focusing on applying 
DR actions in an aggregated way can be found, such as [19] and [20]. The challenge for this approach is the 
scalability of the problem when the number of buildings increases. This paper proposes a solution for an MPC 
at building level, but which considers objectives at community level by allocating the requested power 
consumption at household level while guaranteeing the thermal comfort. This enables disaggregating the 
problem into the optimization of the Community and the building management, alleviating the scalability 
problem and facilitating the achievement of the community’s energy-related objectives. 

Another important aspect tackled by this work is the handling of the uncertainties inherent to building modelling. 
The MPC performance is dependent on the reliability of the embedded model. In the case of the building 
modelling, this aspect is crucial as many uncertainties are present, especially those derived from the time-
variant parameters, occupant behaviour characterisation and measurements [21]. A detailed physical 
modelling approach that captures all the parameter variations with time is not feasible as this would result in a 
computationally too expensive model that would not be suitable for optimization purposes. Thus, this paper 
proposes an approach based on integrating self-learning capabilities to the Building Optimizer to cope with 
these uncertainties in a computationally cheaper way. These capabilities consist of re-calibrating the model 
parameters during the operation with the latest measured data. This functionality is integrated through the 
Moving Horizon Estimation (MHE) technique [22], which has proven to give good results in studies such as 
[23–25].  

The novel contributions of this paper include the following: 

▪ An MPC-based solution that goes beyond the typical economic MPC for cost or energy savings. It acts as 
a key enabler of a cooperative DR solution at community level by managing the demand side and allocating 
the optimal power consumption at household level that contribute to achieving goals at community level. 

▪ The proposed solution includes self-learning capabilities to reduce the uncertainties of the problem, such 
as those sources of uncertainty due to the time-variant and uncertain physical characteristics and occupant 
characteristics. 

Finally, the paper is organised as follows: section 2 describes the methodology followed to define the Building 
Optimizer, section 3 describes a case study with the aim of illustrating the contributions of the Building 
Optimizer and section 4 gathers the main conclusions and future work. 

2. Methodology 

2.1. Agent-based architecture for residential demand response 

The proposed MPC with self-learning capabilities for buildings, which is called Building Optimizer from this 
point onwards, is part of an agent-based architecture to provide DR services in an EC to effectively maximise 
the exploitation of RES and demand-side flexibility and provide grid stability. This multi agent-based 
architecture includes a Demand Response Optimizer (DR optimizer) which deals with both energy supply and 
demand side in a holistic manner and decides the optimal energy use profile of each household considering 
EC objectives. This agent-based architecture is proposed in EU HESTIA project, which develops holistic 
demand response services in European residential communities. The Building Optimizer acts as a key enabler, 
assuring that the optimal energy use calculated by the DR Optimizer is allocated at household level while 
respecting thermal comfort. Thus, the Building Optimizer manages the thermal demand in each household to 
assure they contribute to the EC goals. 

To manage the building’s thermal demand and assure the optimal consumption allocation, the Building 
Optimizer considers predictions on the weather conditions and estimates the internal heat gains, as both will 
influence the building’s indoor conditions evolution. The DR Optimizer provides a day-ahead reference optimal 
power consumption that the Building Optimizer will have to allocate. The Building Optimizer solution must also 
be able to comply with the constraints defined by either the building operator or the users. To complete the 



inputs to the Building Optimizer, it will also receive real measurements from the system. The general scheme 
of the solution is presented in Figure 1. 

      

Figure. 1.  Building Optimizer’s input and output signals. 

The Building Optimizer is prepared to work in two modes: (1) explicit mode with an automated DR actuation, 
and (2) implicit mode through manual DR actions suggested to the users. For the explicit mode, the automatic 
control signal is obtained (scalar value for on/off or modulated signal, depending on the HVAC actuation 
equipment capabilities). This actuation will cause the room temperature to be adjusted in a way that meets 
comfort but allows the demand to be reallocated in the requested way. For the implicit mode, the optimal 
temperature profile is translated into DR suggestions to the users. These suggestions would consist of 
requests to adjust their indoor temperature setpoint, and the users would oversee introducing this new setpoint 
manually. In this case, the HVAC is not commanded; the low-level controller of the thermostat would be working 
to operate the HVAC. This paper focuses on the first approach based on the automatic actuation. 

An important point to highlight is that the Building Optimizer can work as a part of the agent-based optimization 
architecture with the aim of achieving goals at community level, but it could also be used as a stand-alone 
solution for building operation. This paper will propose a procedure to generate a reference curve that aims 
for economic targets at building level. 

2.2. Building Optimizer: technical solution definition 

The Building Optimizer solution must comply with challenging technical requirements as the controlled system 
is a building, a highly nonlinear system with great inertia and with many uncertainty sources such as internal 
heat gains. 

In this regard, the MPC is a type of controller adequate for this type of application. The MPC is an optimal 
control strategy that works with a prediction model of the system to be controlled and calculates the optimal 
setpoints of the controllable units in order to minimise an objective function [26]. In this case, it has a building 
model embedded and calculates either the optimal indoor temperature setpoint or the HVAC actuator setpoint, 
depending on the actuation mode. The MPC works with the expected usage and occupancy of the building, 
forecast and current measurements of the outdoor and indoor conditions and includes user- and system- 
defined constraints. Even if the MPC optimises the operation in the entire prediction horizon, just the setpoints 
of the first point are commanded. It works in a closed loop by receiving the real values of the controlled 
variables and applies the receding horizon control principle. 

The MHE is an optimization-based state-estimation technique where the current states and the parameters of 
the system, henceforth referred to as variables of interest, are inferred based on a finite sequence of past 
measurements. It uses dynamic optimization and a backward time horizon of measurements to optimally adjust 
the variables of interest of the problem [27]. The MHE is integrated to work in coordination with the MPC: the 
MHE is used prior to the execution of the MPC to calibrate the parameters of the model embedded in the MPC. 
Moreover, in addition to the model parameter estimation, the MHE can also estimate other model variables 
that are difficult to initialise beforehand or are unmeasurable, which presents a great advantage for building 
applications. 



The following subsection will describe more in detail the main technical parts of the solution: the reduced order 
models for optimization, the MPC for optimal control, the MHE for self-learning capabilities and the software 
used for the problem implementation. 

2.2.1. Reduced order models for the building and the HVAC  

One of the key points in the development of an MPC is the system model that is embedded, as the reliability 
of the system predictions and the achievement of the control and optimization objectives will directly be 
impacted by the model accuracy. One of the main challenges is reaching a trade-off between the accuracy of 
the model (that represents in a detailed and accurate way the dynamics and other complexities of the model) 
and the computational burden as the optimization problem should be solved in a time that allows real-time 
application (typically every 15 minutes for this paper’s application).  

The proposed model considers thermal building envelope, internal heat gains, and heat losses, caused by 
heat conduction, convection, and ventilation. Modelling is underpinned by calibrated reduced-order data-driven 
grey box models. The grey-box model used is based on an Resistance-Capacitance (RC) network for a thermal 
zone defined by [28], which considers both the physical parameters and disturbances that characterise 
unmeasured inputs, but that can be calibrated with other measured variables. The performance of this model 
has been demonstrated experimentally in [29]. 

Figure 2 illustrates the embedded RC network model structure for a single thermal zone. The thermal zone is 
defined as the area controlled by a thermostat and served by the HVAC, i.e., it can represent several rooms 
that are controlled by a unique thermostat. 𝑇𝑧 is the indoor zone air temperature and 𝑇𝑤 is a wall temperature 

representing averaged behaviours of the enclosures (walls, roof, and floor). 𝑇𝑜 is the outdoor air temperature. 
𝐶𝑧 and 𝐶𝑤 represent the respective thermal capacitances of the zone and wall, and 𝑅𝑧𝑤 and 𝑅𝑧𝑜 are thermal 

resistances between the zone air and wall, and between the zone air and outdoor air, respectively. 𝑄𝑔 

represents unmeasured internal heat gains. 𝑢 is the modulation signal for the HVAC system, and 𝑄𝑎𝑣 the 

available heat, so the resulting input heat from the HVAC system is 𝑄𝑢. 

 
Figure. 2.  Reduced order RC model for the building. 

Equations (1) and (2) are the corresponding differential equations representing the thermal balance in the 
zone. 

𝐶𝑧 ·
𝑑𝑇𝑧

𝑑𝑡
=

𝑇𝑤−𝑇𝑧

𝑅𝑧𝑤
+

𝑇𝑜−𝑇𝑧

𝑅𝑧𝑜
+ 𝑄𝑔 + 𝑢 · 𝑄𝑎𝑣,                                               (1) 

𝐶𝑤 ·
𝑑𝑇𝑤

𝑑𝑡
=

𝑇𝑧−𝑇𝑤

𝑅𝑧𝑤
 ,                                     (2) 

A simplified model for the HVAC is used, consisting of an equation to model the HVAC control, Eq. (3), and 
the power consumption of the HVAC, Eq. (4). This model will need to be further developed in future work to 
have a more accurate model of the air conditioning, but the present work focuses on the building part. 

𝑄𝑢 = 𝑢 · 𝑄𝑎𝑣,                    (3) 

𝑃𝐻𝑉𝐴𝐶 = 𝜂 · 𝑄𝑢,                   (4) 

where 𝑃𝐻𝑉𝐴𝐶 is the power consumption of the HVAC and 𝜂 its efficiency. 

2.2.2. Model predictive control for building consumption and indoor conditions management 

The dynamic optimization problem defined in the MPC can be formulated as follows: 

𝑤ℎ𝑖
𝑇 𝑒ℎ𝑖 + 𝑤𝑙𝑜

𝑇 𝑒𝑙𝑜                    (5) 



subject to: 

0 = 𝑓(
𝑑𝑥

𝑑𝑡
, 𝑥, 𝑦, 𝑢),                  (6) 

0 ≤ 𝑔(
𝑑𝑥

𝑑𝑡
, 𝑥, 𝑦, 𝑢),                   (7) 

Equation (5) is the objective function of the MPC problem and represents the sum of the terms to be minimised 
through the prediction horizon, in this case, the higher 𝑒ℎ𝑖 and lower 𝑒𝑙𝑜errors of the controlled variables, that 
is, the indoor temperature in the room and the HVAC power consumption. It is defined based on the I1-norm 
so that the absolute difference between the current measured value and the desired target value is computed. 
This operator does not have a continuous first and second derivative at x=0, but the software used, that is 
GEKKO, poses the problem in a way that this discontinuity is avoided, as explained in [30]. The lower error is 
computed as the difference between the variable and the lower bound, and the higher error is defined 
analogously. When the variable is between the defined limits, there is no penalty.  

Equation (6) represents the equality constraints of the problem, derived from the model presented in section 
2.2.1, and Eq. (7) the inequality constraints at which the problem is subjected, which consists of physical limits 
for the variables.  

In the problem definition, 𝑥 represents the state variables, that is, the indoor zone temperature and the wall 

temperatures: 𝑥𝑇 = [𝑇𝑧 , 𝑇𝑤]𝑇. The output is the HVAC power consumption 𝑦 = 𝑃𝐻𝑉𝐴𝐶. The manipulated variable 

is the modulation signal of the HVAC represented by 𝑢.  

In the problem definition, an important tuning aspect is the weighting factors assignment in the objective 
function, represented in Eq. (5) by 𝑤ℎ𝑖 and 𝑤𝑙𝑜 for each of the variables. These weighting factors enable 
prioritising either the thermal comfort or the power consumption, and between the lower and higher errors. 

The other important tuning factor is the prediction horizon, that is, the length of the forward time window for 
which the MPC computes the solution. 

2.2.3. Moving horizon estimator for incorporating self-learning capabilities 

The basic idea of MHE is to minimise the discrepancy between the measured outputs of the system and the 
outputs predicted (target measurements) by a model of the system, subject to a set of constraints on the states 
of the system. This is formulated through a dynamic optimization problem, defined as follows: 

𝑤ℎ𝑖
𝑇 𝑒ℎ𝑖 + 𝑤𝑙𝑜

𝑇 𝑒𝑙𝑜,                   (8) 

subject to: 

0 = 𝑓(
𝑑𝑥

𝑑𝑡
, 𝑥, 𝑦, 𝑢),                   (9) 

0 ≤ 𝑔(
𝑑𝑥

𝑑𝑡
, 𝑥, 𝑦, 𝑢),                 (10) 

Equation (8) is the objective function of the MHE problem and represents the sum of the terms to be minimised 
through the backward window of past measurements: the absolute difference between the real measurements 
of the controlled variables (indoor temperature and HVAC power consumption) and the predicted value with 
the calibrated model. Both the higher and lower errors are considered, and a dead-band or region around the 
measurement in which the error is not penalised is included in the problem formulation. This reduces the impact 
of the noise from the measurements in the model calibration. In this case, the objective function is also defined 
through the l1-norm. 

Equation (9) represents the equality constraints of the problem, derived from the model presented in section 
2.2.1, and Eq. (10) the inequality constraints at which the problem is subjected, which are used to limit and 
penalise the rate of change of the variables that are adjusted by the MHE and to set absolute bounds. 

The most relevant tuning consideration are the weighting of the terms in the objective function (𝑤ℎ𝑖
𝑇  and 𝑤𝑙𝑜

𝑇 ) 

and the length of the time window of past measurements. Including more points in the time window allows the 
MHE to reconcile the model to more data but also increases computational time. 

The outputs of the MHE are the model parameters, 𝑅𝑧𝑜 , 𝑅𝑧𝑤 , 𝐶𝑧 , 𝐶𝑤, that are fixed variables, the available heat 
for the HVAC system and the estimated internal heat gains. These are the estimated values through the 
prediction horizon. 

2.2.4. Software for problem implementation 

Python 3.11 is used to address this development. The algorithms for MHE and MPC have been implemented 
using the GEKKO library [31] for Python. This library is based on APMonitor [32]. IPOPT is the solver used in 
the Building Optimizer. 



 

3. Results and discussion 
This section presents the simulation results of the Building Optimizer for a case study. 

     3.1. Case study description 

The presented case study has the following aims: 

▪ Demonstrate that the Building Optimizer can guarantee thermal comfort. 

▪ Evaluate to what extent the Building Optimizer can adjust to a requested power consumption. 

▪ Evaluate if the Building Optimizer incorporating self-learning capabilities outperforms an MPC with fixed 
model parameters. 

In order to assess these points, the case study will consider as a baseline an MPC with fixed parameters, and 
its performance will be compared to the Building Optimizer with self-learning capabilities. 

The following subsections present the building that is considered for the case study, the boundary conditions, 
the uncertainty modelling to generate virtual forecast and the modelling of the flexibility request signal. 

3.1.1. Study building description 

In order to consider an actual building and to work with realistic values, the values of the case study 
presented in [28] and [33] are used, consisting of a single-story wood-built house having a floor area of 60m2 

with crawl and roof space. The main thermal characteristics of the building are: 𝐶𝑧 = 1.18 (
𝑘𝑊ℎ

℃
), 𝐶𝑤 =

3.99 (𝑘𝑊ℎ/℃), 𝑅𝑧𝑜 = 0.48 (℃/𝑘𝑊), 𝑅𝑧𝑤 = 7.35 (℃/𝑘𝑊). These values are considered as the real values of 
the building. The space is considered as a single thermal zone with one thermostat to monitor the indoor 
temperature and a controllable HVAC that can be modulated through a 𝑢 signal between 0-100%.  

3.1.2. Boundary conditions description 

For the weather conditions, the building is considered as located in Bilbao (Spain). The data of the outdoor 
temperature for February from the Typical Meteorological Year (TMY) of Bilbao (Spain) [34] is used for the 
simulations, which represents a typical winter heating demand situation. 

The internal heat gains of the building are calculated using the ASHRAE standards [35] considering the 
profile for internal heat gains from people with a Hotel pattern (equivalent to a residential building), assuming 
the following values: 23.226 m2/person, and 73.268 W/person. The profiles differentiate between weekdays, 
Saturdays, and Sundays. These profiles are represented in Figure 3. 

 

 
Figure. 3.  Internal heat gains hourly profile for weekdays, Saturdays, and Sundays for a residential house. 

3.3.3. Forecast uncertainty modelling 

Modelling the errors in the weather and internal heat gain predictions is crucial, as they are a great source of 
uncertainty in the problem and its impact in the solution needs to be assessed. 

The uncertainty in the indoor temperature is modelled through an autoregressive model shown in [36]. This 
generates a realistic error in the outdoor temperature prediction, trying to replicate a low-medium uncertainty 
scenario. For the error modelling, it is assumed that the outdoor temperature forecast is updated every 24h. 
Figure 4 shows the real outdoor temperature and the synthetic forecasts for the first week of February. 

 

 

 



 

Figure. 4.  Real outdoor temperature for Bilbao for 1-7 February and simulated forecasts. 

The internal heat gains profiles for the building are defined based on the ASHRAE profiles shown in section 
3.1.2. The difference that can be found between the real occupancy patterns and the ones proposed by 
ASHRAE are modelled by modifying the ASHRAE curve. White noise is added to the internal heat gains 
through a gaussian distribution, and it is smoothened so that it resembles a real pattern. The synthetically 
generated data for the internal heat gains is used as the real profile of the internal heat gains and the ASHRAE 
profiles are considered as the forecasts for a whole week. Both profiles are illustrated in Figure 5. 

. 

Figure. 5.  Simulated internal heat gains for the building and the forecasts. 

 

3.2. Building Optimizer with fixed parameter: model calibration 

The Building Optimizer version that integrates an MPC with fixed parameter requires the values of the RC 
parameters (𝑅𝑧𝑜 , 𝑅𝑧𝑤 , 𝐶𝑧 , 𝐶𝑤). An offline calibration is performed to calibrate these parameters based on 
simulation data of the study building, which is used as if it was operation data. The steps followed for the 
calibration are: 

1. The plant model (building space with the HVAC) is simulated for a whole month with the real parameters 
from section 3.1.1 and the boundary conditions (weather, internal heat gains) presented in section 3.1.2. 
The model includes an on/off hysteresis controller, with a constant setpoint of 21.5 ºC, and a dead band of 
0.5 ºC for the hysteresis that is used to control the indoor room temperature by calculating the HVAC 
operation. 

2. An offline calibration is performed using the data of a whole week as reference. The fixed values of the 
model parameters (𝑅𝑧𝑜 , 𝑅𝑧𝑤 , 𝐶𝑧 , 𝐶𝑤) are calculated minimising the deviation between the reference values 
from in Step 1 and the predicted values with the model for the whole week. The problem defined for the 
MHE is adapted so that it can be used for this calibration. The internal heat gains are set to a fixed value 
for the whole week. The results are verified by calculating metrics for the errors in the indoor temperature 
and the HVAC power consumption compared to the reference values. 

Different reference errors are calculated for the indoor temperature deviation and the power consumption 
deviation, as the nature of these variables is different. The temperature is a potential variable, so the most 
suitable error to be applied to this variable is the Normalised root-mean-square deviation (NRMSD), which is 
defined in Eq. (11). 

𝑁𝑅𝑀𝑆𝐷(𝑇𝑧) =
𝑅𝑀𝑆𝐷(𝑇𝑧)

𝑇𝑧
𝑚𝑎𝑥−𝑇𝑧

𝑚𝑖𝑛 =
√∑ (�̂�𝑧(𝑡)−𝑇𝑧(𝑡))2𝑇

𝑡=1
𝑇

𝑇𝑧
𝑚𝑎𝑥−𝑇𝑧

𝑚𝑖𝑛 ,               (11) 

where 𝑅𝑀𝑆𝐷(𝑇𝑧) is root-mean square deviation of the indoor temperature, 𝑇𝑧
𝑚𝑎𝑥 and 𝑇𝑧

𝑚𝑖𝑛 are the maximum 

and minimum value of the indoor temperature, respectively, 𝑇𝑧(𝑡)is the real indoor temperature value,  �̂�𝑧(𝑡) is 

the indoor temperature obtained with the calibrated model, and 𝑇 is total simulation time. 



In the case of the power consumed by the HVAC, it is a non-negative scale variable which cannot have 
negative values, so the mean value is used to normalise the error. Thus, the Coefficient of Variation of the 
root-mean-square deviation (CV(RMSD)) is used as reference, which is described in Eq. (12). 

𝐶𝑉(𝑅𝑀𝑆𝐷(𝑃𝐻𝑉𝐴𝐶)) =
𝑅𝑀𝑆𝐷(𝑃𝐻𝑉𝐴𝐶)

�̅�𝐻𝑉𝐴𝐶
=

√∑ (�̂�𝐻𝑉𝐴𝐶(𝑡)−𝑃𝐻𝑉𝐴𝐶(𝑡))2𝑇
𝑡=1

𝑇

�̅�𝐻𝑉𝐴𝐶
,              (12) 

where 𝑅𝑀𝑆𝐷(𝑃𝐻𝑉𝐴𝐶) is root-mean square deviation of the power consumption, 𝑃𝐻𝑉𝐴𝐶 is the mean value of the 

power consumption, 𝑃𝐻𝑉𝐴𝐶(𝑡) is the real power consumption value, and  �̂�𝐻𝑉𝐴𝐶(𝑡) is the power consumption 
obtained with the calibrated model. 

Table 1.  Calibration errors for the building fixed parameter model. 

 𝑁𝑅𝑀𝑆𝐷(𝑇𝑧), % 𝐶𝑉(𝑅𝑀𝑆𝐷(𝑃𝐻𝑉𝐴𝐶)), % 

Verification, weekdays 20.96% 0.73% 

Verification, Saturdays 25.76% 0.72% 

Verification, Sundays 14.73% 1.85% 

Verification, general 16.50% 1.89% 

 

The errors in the temperature are greater than in the power consumption. This introduces a great uncertainty 
in the modelling part, especially in the indoor temperature modelling. Nevertheless, the errors in the power 
consumption are low, which may be due to the simplified HVAC model that makes it easier to be adjusted.  

3.3. Flexibility provision evaluation 

Both the baseline MPC with the fixed model parameters calculated in section 3.2 and the Building Optimizer 
incorporating the self-learning capabilities are simulated for the same boundary. A simulation of a whole week 
of February is conducted, with the real and virtually generated forecasts of outdoor temperature, and the 
synthetic internal gains described in section 3.1.3.  

The flexibility request is sent to the Building Optimizer through a power consumption reference profile that the 
optimizer needs to track to allocate the power consumption. This signal, in the solution structure presented in 
section 2.1 and shown in Figure 1, comes from the DR optimizer. In this case, the signal will be synthetically 
generated. The procedure explained here also reflects how the Building Optimizer can work as a standalone 
solution by including the generation of the signal as a part of the solution.  

The flexibility request is generated considering the Spanish electricity tariff schemes that apply an hourly 
discrimination and divides the day into the following consumption periods: the peak period (with higher tolls 
and charges), the flat period (with intermediate values for the costs) and valley periods (with the lowest costs) 
[36]. The procedure is the following one: 

1. The case study model is simulated with the Building Optimizer applying just thermal comfort objective, 
so no actions are taken regarding the power consumption. In this way, a baseline of the typical power 
consumption in the building is achieved, without demand-side management. This profile is used as a 
reference for the power consumption. 

2. The following assumption is made regarding the flexibility requests that are expected: the power 
consumption is requested to be reduced in the peak periods, this power consumption should be 
reallocated in the valley period, and the flat periods should not be modified. This would match with the 
general requests from the grid point of view but would also be in line with the electric tariff periods, so 
the benefits would not be just flexibility share increase, but also economic benefits. 

3. The baseline power consumption from step 1 is decreased in a percentage in the peak periods, it is 
maintained in the flat periods, and it increases in the valley. A set of simulations are defined varying 
the percentage of flexibility request from 10% to 30% by increasing a 5% in each step.  

The scenarios requesting different percentages of flexibility are simulated for both the baseline MPC and the 
Building Optimizer incorporating self-learning capabilities.  

For the assessment of the thermal comfort guarantee, the thermal discomfort duration is evaluated. This is 
measured as the percentage of the time that the indoor temperature is outside the defined thermal comfort 
limits (21-22ºC). The accuracy in the power consumption tracking is evaluated by the deviation compared to 
the reference curve, using the CV(RMSD) defined in Eq. (12). Table 2 presents these metrics for the different 
flexibility scenarios. The first simulation day is not considered as it is highly dependant on initialization 
conditions and does not reflect the normal operation. 

 

 

 



Table 2.  Temperature and power consumption error comparison for different flexibility scenarios. 

Flexibility request 
Thermal discomfort duration [%] Power deviation [%] 

Baseline MPC Building Optimizer Baseline MPC Building Optimizer 

10% 7.07% 0% 2.22% 0% 

15% 14.14% 0% 3.31% 3.29% 

20% 18.71% 1.25% 7.44% 6.63% 

25% 25.37% 8.12% 9.24% 9.35% 

30% 31.11% 17.9% 12.1% 12.16% 

 

The results from Table 2 show that the Building Optimizer can track the requested power demand with a lower 
impact in the thermal comfort. It can even reach a 20% flexibility provision with a minimum impact on the 
thermal comfort (guaranteeing it 98% of the time) and a 25% flexibility provision with a thermal discomfort 
duration below 10% of the total time. For higher percentage of flexibility requests, there is an accuracy loss in 
temperature tracking to achieve the other objective of the cost function, that is, the power tracking.  

The difference in performance to guarantee thermal comfort between the two analysed scenarios is due to the 
capacity of the Building Optimizer to reduce the uncertainty. The main sources of uncertainty in the problem 
come from both the inherent uncertainties to the modelling and the input predictions. In the case of the baseline 
MPC with fixed parameters, the calibrated model parameters present an error when predicting the real building 
behaviour, as explained in section 3.2. Even if the MPC can reduce this uncertainty using the real 
measurements of the system, this uncertainty cannot be completely avoided. The Building Optimizer tackles 
this problem by updating the model parameters based on the last real measurements of the system. Regarding 
the predictions, both scenarios are simulated with outdoor temperature predictions with an uncertainty 
integrated, which deviates the response from the predicted one. In the case of the internal gains, the baseline 
MPC uses the predictions of the internal gains from ASHRAE (Figure 5), which introduces a great uncertainty 
source. On the contrary, the Building Optimizer uses the estimated last value of the internal gains by the MHE 
as prediction. Even if this is an approximation that introduces also considerable uncertainty, this approximation 
gives better results than using the ASHRAE predictions according to the results. 

The scenario for a flexibility request of 20% is analysed to illustrate the performance of both controllers. In 
Figure 6, the comparison of the indoor temperature of the thermal zone for both the baseline MPC and the 
Building Optimizer is shown, together with the upper and lower thermal comfort limits. 

 

Figure. 6.  Indoor temperature with the baseline MPC and the Building Optimizer. 

Figure 6 shows how the indoor temperature deviates for longer periods from the thermal comfort conditions in 
the baseline scenario, for the reasons explained above. 

Figure 7 presents the same comparison between the baseline MPC and the Building Optimizer, but for the 
power consumption.  

 

Figure. 7.  HVAC power consumption with the baseline MPC and the Building Optimizer. 



The power tracking shown in Figure 7 reflets that the power is deviated very similarly in both scenarios. This 
is the expected conclusion as the calibration errors for the baseline MPC were lower for the power 
consumption. 

Another important aspect to consider is the percentage of energy that is displaced from peak periods to valley 
periods. This indicator is also a reflection of the ability to perform power shifting actions. This percentage is 
presented in Table 3. 

Table 3.  Percentage of energy consumed during peak periods shifted. 

Flexibility request scenario Peak period shifted energy, % 

10% 8.06% 

15% 11.03% 

20% 14.22% 

25% 15.21% 

30% 16.77% 

This reduction in the peak periods could be directly translated into economic benefits and a flexibility 
provision capacity in accordance with the typical request that may appear from the grid side. 

4. Conclusions and future work 
In the present work, a control strategy called Building Optimizer is developed, consisting of an MPC with self-
learning capabilities to manage the thermal demand of a building. The Building optimiser can allocate a 
requested power consumption in a building while guaranteeing thermal comfort so that an objective at 
community level is achieved. The capacity for the power consumption management is crucial to integrate 
demand response in the residential sector, with a great unlocked potential. This boosts the integration of RES 
in the current energy system as a better match between the intermittent production of renewable sources and 
the demand at building levels can be achieved. The moving horizon estimation technique is used for 
incorporating self-learning capabilities, which uses real-time measurements from the plant to recalibrate the 
model at real time and calculate unmeasurable inputs, such as the internal heat gains. This functionality is 
relevant for buildings, a system with a wide range of uncertainties due to its characteristics and the occupancy 
patterns.  

A case study is presented for a building represented by a single thermal zone with a controllable HVAC. The 
performance of an MPC with fixed parameters model is compared to the Building Optimizer including the self-
learning capabilities. To calibrate the MPC with fixed parameters, a calibration technique is proposed, using 
the data for a whole week of the study building. A flexibility request scenario is simulated, generating this 
request through a curve that decreases the power consumption at peak electric prices periods and increases 
them in valley periods with respect to a reference curve in which demand side management is not performed. 
The scenario is simulated for different percentages of flexibility request with both the Building Optimizer and 
the fixed-parameter baseline MPC. The simulations are conducted including uncertainty sources in the used 
predictions for the boundary conditions. It is concluded that 20% is the maximum flexibility at which the 
deviation in the indoor temperature with respect to the thermal comfort boundaries has a duration lower than 
2% of the time. In this scenario, the Building Optimizer improves the temperature tracking and the power 
consumption allocation compared to the baseline MPC, and it can shift up to 14% of the energy that is 
consumed during peak hours to valley periods. This demonstrates that incorporating self-learning capabilities 
can improve the performance of this type of controllers. 

The studied building is of residential type, but the proposed reduced order model can be extended to other 
type of buildings, such as commercial buildings or offices. The solution is scalable in terms of the number of 
buildings, as each building would have its own MPC to ensure that it consumes what is required by the 
community. The scalability of the solution in terms of the building size and the number of thermal zones to be 
modelled within the building will be one of the crucial challenges to analyse in further work, as including more 
thermal zones increases the computational cost of the problem. Future work should expand the inclusion of a 
more detailed model of the HVAC too.  
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Nomenclature 
 𝐶 thermal capacitance, kWh/(ºC) 

 𝑃 power, W 



 𝑄 heat, W 

 𝑅 thermal resistance, ºC/kW 

 𝑇 temperature, °C 

 𝑢 actuation signal, % 

 𝑤 weighting factor, - 

 𝑥 state variables, - 

 𝑦 output variables, - 

Greek symbols 
 𝜂 efficiency 

Subscripts and superscripts 
𝑎𝑣 available 

 𝑔 internal gains 

 ℎ𝑖 higher 

 𝑙𝑜 lower 

 𝑜 outdoor 

 𝑢 actuation signal 

 𝑤 wall 

 𝑥 states 

 𝑧 thermal zone 

References 
[1] United Nations Environment Programme. 2022 Global Status Report for buildings and Construction: 

Towards a Zero-emission, Efficient and Resilient Buildings and Construction Sector. Nairobi: 2022.  

[2] European Environment Agency. Greenhouse gas emissions from energy use in buildings in Europe 2022. 
https://www.eea.europa.eu/ims/greenhouse-gas-emissions-from-energy (accessed February 28, 2023). 

[3] European Comission. European Commission-Press release European Green Deal: Commission 
proposes to boost renovation and decarbonisation of buildings 2021. 

[4] International Energy Agency. Getting Wind and Sun onto the Grid: A Manual for Policy Makers. 2017. 

[5] D’Ettorre F, Banaei M, Ebrahimy R, Pourmousavi SA, Blomgren EMV, Kowalski J, et al. Exploiting 
demand-side flexibility: State-of-the-art, open issues and social perspective. Renewable and Sustainable 
Energy Reviews 2022;165:112605. https://doi.org/10.1016/J.RSER.2022.112605. 

[6] Gils HC. Assessment of the theoretical demand response potential in Europe. Energy 2014;67:1–18. 
https://doi.org/10.1016/J.ENERGY.2014.02.019. 

[7] Market Observatory for Energy DE. Quarterly report on European electricity markets. 2022. 

[8] DIRECTIVE  (EU)  2019/  944  OF  THE  EUROPEAN  PARLIAMENT  AND  OF  THE  COUNCIL - of 5 
June  2019  -  on  common  rules  for  the  internal  market  for  electricity  and  amending  Directive 
2012/27/  EU. 2019.  

[9] European Parliament C of the EU. Directive (EU) 2018/2001 of the European Parliament and of the 
Council of 11 December 2018 on the promotion of the use of energy from renewable sources (recast) 
(Text with EEA relevance.) 2018. 

[10] Goy S, Finn D. Estimating Demand Response Potential in Building Clusters. Energy Procedia 
2015;78:3391–6. https://doi.org/10.1016/J.EGYPRO.2015.11.756. 

[11] Prívara S, Cigler J, Váňa Z, Oldewurtel F, Sagerschnig C, Žáčeková E. Building modeling as a crucial part 
for building predictive control. Energy Build 2013;56:8–22. 
https://doi.org/10.1016/J.ENBUILD.2012.10.024. 

[12] Alqurashi A. The State of the Art in Model Predictive Control Application for Demand Response. Journal 
of Sustainable Development of Energy, Water and Environment Systems 2022;10. 
https://doi.org/10.13044/j.sdewes.d9.0401. 

[13] Rawlings JB, Angeli D, Bates CN. Fundamentals of economic model predictive control. 2012 IEEE 51st 
IEEE Conference on Decision and Control (CDC), IEEE; 2012, p. 3851–61. 
https://doi.org/10.1109/CDC.2012.6425822. 

[14] Tang R, Wang S, Xu L. An MPC-Based Optimal Control Strategy of Active Thermal Storage in Commercial 
Buildings during Fast Demand Response Events in Smart Grids. Energy Procedia 2019;158:2506–11. 
https://doi.org/10.1016/J.EGYPRO.2019.01.395. 



[15] Frahm M, Dengiz T, Zwickel P, Maaß H, Matthes J, Hagenmeyer V. Occupant-Oriented Demand 
Response with Room-Individual Building Control 2023. 

[16] Kim D, Braun JE. MPC solution for optimal load shifting for buildings with ON/OFF staged packaged units: 
Experimental demonstration, and lessons learned. Energy Build 2022;266:112118. 
https://doi.org/10.1016/J.ENBUILD.2022.112118. 

[17] Mingjun Wei, Zheng O’Neill. Energy Management and Control System for a PV-Battery System to Improve 
Residential Building Resiliency Under Extreme Weather Conditions. 2023 ASHRAE winter conference, 
Atlanta: 2023. 

[18] Mugnini A, Polonara F, Arteconi A. Demand response strategies in residential buildings clusters to limit 
HVAC peak demand. E3S Web of Conferences, 2021, p. 09001. 
https://doi.org/10.1051/e3sconf/202131209001. 

[19] Hu M, Xiao F. Quantifying uncertainty in the aggregate energy flexibility of high-rise residential building 
clusters considering stochastic occupancy and occupant behavior. Energy 2020;194:116838. 
https://doi.org/10.1016/J.ENERGY.2019.116838. 

[20] Iqbal A, Aoki Y, Ninagawa C, Murakawa T. Reactive Power Demand Response for Distribution System 
with Neighboring Clusters of Building Multi-type Air-conditioners. IEEJ Transactions on Power and Energy 
2022;142:306–14. https://doi.org/10.1541/ieejpes.142.306. 

[21]  Maasoumy M, Razmara M, Shahbakhti M, Vincentelli AS. Handling model uncertainty in model predictive 
control for energy efficient buildings. Energy Build 2014;77:377–92. 
https://doi.org/10.1016/J.ENBUILD.2014.03.057. 

[22] Eaton AN, Hedengren JD, Eaton AN, Hedengren JD. Overview of Estimation Methods for Industrial 
Dynamic Systems. n.d. 

[23] Simmons CR, Arment JR, Powell KM, Hedengren JD. Proactive energy optimization in residential 
buildings withweather and market forecasts. Processes 2019;7. https://doi.org/10.3390/PR7120929. 

[24] Gates NS, Hill DC, Billings BW, Powell KM, Hedengren JD. Benchmarks for Grid Energy Management 
with Python Gekko. n.d. 

[25] Kim D, Braun JE. Development, implementation and performance of a model predictive controller for 
packaged air conditioners in small and medium-sized commercial building applications. Energy Build 
2018;178:49–60. https://doi.org/10.1016/j.enbuild.2018.08.019. 

[26]  Drgoňa J, Arroyo J, Cupeiro Figueroa I, Blum D, Arendt K, Kim D, et al. All you need to know about model 
predictive control for buildings. Annu Rev Control 2020;50:190–232. 
https://doi.org/10.1016/J.ARCONTROL.2020.09.001. 

[27] Rawlings JB. Moving Horizon Estimation. Encyclopedia of Systems and Control, Springer London; 2013, 
p. 1–7. https://doi.org/10.1007/978-1-4471-5102-9_4-1. 

[28] Kim D, Cai J, Braun JE, Ariyur KB. System identification for building thermal systems under the presence 
of unmeasured disturbances in closed loop operation: Theoretical analysis and application. Energy Build 
2018;167:359–69. https://doi.org/10.1016/j.enbuild.2017.12.007. 

[29] Kim D, Cai J, Ariyur KB, Braun JE. System identification for building thermal systems under the presence 
of unmeasured disturbances in closed loop operation: Lumped disturbance modeling approach. Build 
Environ 2016;107:169–80. https://doi.org/10.1016/j.buildenv.2016.07.007. 

[30] Powell KM, Eaton AN, Hedengren JD, Edgar TF. A continuous formulation for logical decisions in 
differential algebraic systems using mathematical programs with complementarity constraints. Processes 
2016;4. https://doi.org/10.3390/pr4010007. 

[31] Beal LDR, Hill DC, Abraham Martin R, Hedengren JD. GEKKO optimization suite. Processes 2018;6. 
https://doi.org/10.3390/pr6080106. 

[32] Hedengren JD, Shishavan RA, Powell KM, Edgar TF. Nonlinear modeling, estimation and predictive 
control in APMonitor. Comput Chem Eng 2014;70:133–48. 
https://doi.org/10.1016/J.COMPCHEMENG.2014.04.013. 

[33] J.J. Bloem, editor. System identification applied to building performance data. European Comission. 1994. 

[34] EnergyPlus. EnergyPlus Weather data. Https://EnergyplusNet/Weather n.d. 
https://energyplus.net/weather (accessed February 15, 2023). 

[35] ASHRAE. ASHRAE 90.1-2022 (I-P Edition) Energy Standard for Sites and Buildings Except Low-Rise 
Residential Buildings (ANSI Approved; IES Co-sponsored). 2022. 

[36] Oldewurtel F, Parisio A, Jones CN, Gyalistras D, Gwerder M, Stauch V, et al. Use of model predictive 
control and weather forecasts for energy efficient building climate control. Energy Build 2012;45:15–27. 
https://doi.org/10.1016/J.ENBUILD.2011.09.022. 

 



Benchmarking of state-of-the-art machine 
learning methods for highly accurate thermal 
load forecasting in district heating networks  

 
Christian Pressaa, Stefan Leiprechta, Fabian Behrensa, Verena Jetzingera, 

Hendric Popmaa, and Matthias Finkenratha 

a Kempten University of Applied Sciences, Germany,  
e-mail: christian.pressa@hs-kempten.de 

 

Abstract: 

Decarbonisation of heat generation has become a priority for district heating network operators. In order to 
avoid the use of fossil-fired boilers, operators need to know peaks in heat demand in advance. Accurate 
thermal load forecasting is playing an increasingly important role in this respect.  

This paper presents the final results of the research project “deepDHC” (deep learning for district heating and 
cooling) funded by the German Federal Ministry for Economic Affairs and Climate Action (BMWK). The three-
year project focused on systematically benchmarking thermal load forecasts for district heating networks, 
based on state-of-the-art machine learning methods. The analysis covers a variety of machine learning 
techniques, such as neural networks – including latest deep learning methods – (e.g. LSTM, TFT, ESN, RC), 
decision trees (random forests, adaptive boosting, XGB) and statistical methods (SARIMAX). In addition, the 
impact of combining methods by so-called “stacking” was investigated. Training and validation of the machine 
learning algorithms was based on historical operating data from the district heating network for the city of Ulm 
in Germany, in combination with historical weather data, and weather forecasts. Thermal load forecasts – 
typically for three days ahead – are presented and compared against one another. An automatic tuning routine 
was developed as part of the project, which enables regular re-training of the machine learning algorithms 
based on the latest operating data from the heating network. Furthermore, a web interface for real-time 
forecasting was developed and implemented at the power station. 

Keywords: 

District heating; load forecasting; machine learning; dispatch optimisation. 

1. Introduction 
Half of Europe’s entire energy consumption is used for heating and cooling, with 75 percent derived from fossil 
sources. Thus it is important to provide heat as efficiently as possible, also producing the lowest possible 
greenhouse gas emissions. District heating networks play a key role in this context, as they are currently used 
to supply 60 million Europeans with heat.[1] However, with total lengths often spanning several hundred 
kilometres, supplying district heating networks efficiently presents a considerable challenge. Typically, heating 
network operators maintain several power plants with different technical and economic features. District 
heating or cooling can be provided more cost-effectively, efficiently and with fewer emissions, the more 
precisely the expected load can be estimated. In addition to a comprehensive understanding of individual 
power plants and a dispatch optimisation strategy, this requires a precise forecast of the thermal loads that 
can be expected in the network during the next few days. In industrial practice, however, generally only simple 
forecasting methods with comparably high uncertainties are used for district heating load forecasts 

Previously established methods, which are based on typical days or reference load profiles, [2] currently lead 
to an estimated 15-30 percent load forecasting error rate over a 72-hour horizon. In addition, heating load 
forecasts have been considerably less intensively studied to date than, for example, electricity load forecasts. 

Accurately predicting the district heating load is essential for district heating network operators in order to 
optimise the utilisation of available power plants, thermal storage facilities and “power-to-heat” plants, thus 
boosting efficiency. The quality of district heating load forecasting directly impacts plant dispatch quality, 
making it a critical factor to consider. Nevertheless, quantifying the economic advantage of reducing load 
forecasting errors is difficult, due to the fact that different load forecasts cannot be relied on to accurately repeat 
the actual plant dispatch during a specific period. The economic benefit of improved thermal load forecasting 
was shown in in a previous publication.[3] 

New methods in the field of artificial intelligence, especially in machine learning and "deep learning", offer 
considerable potential for improvement, in particular since machine learning techniques have become easy to 
deploy due to increasing amounts of training data coupled with cheaper and improved computing power.[4–7] 
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This work is based on operating data from the district heating network for Ulm, a medium-sized city in southern 
Germany with about 125,000 inhabitants, as provided by the local utility company “Fernwärme Ulm GmbH” 
(FUG), which operates a district heating network about 150 km in length supplying some 600,000 MWh of 
thermal energy per year, equivalent to 45 percent of the city’s heat requirements. Table 1 lists all the major 
heat generation units operated by FUG. In addition, a pressurised hot water thermal storage of 2,427 m³ 
volume, equivalent to 150 MWh thermal energy storage capacity, and with 20 MW discharge power, is used. 
 

Table 1.  Heat generation units operated by FUG. 

 

Plant type Thermal load, MW Electrical load, MW Fuel type 

Biomass CHP plant 1 58 9 Waste wood 
Biomass CHP plant 2 25 5 Waste wood 
Waste incineration CHP plant 30 11 Waste 
Peaking boiler (w/ connection to turbine) 230 15 Coal, gas or oil 

 

2. DeepDHC system structure 
The DeepDHC system structure in Figure 1 below shows the developed process for load forecasting. The 
basis for training the models is historical data on the heat load of the district heating networks, as well as 
historical and current weather forecasts, which are obtained from the German Meteorological Service 
(Deutscher Wetterdienst, DWD) and stored in a database. In addition, the weather data currently measured 
for the Ulm site are obtained from the DWD’s Climate Data Center (CDC) and saved together with the actual 
district heating load in an hourly resolution. Operational data is rarely available in the correct format or ideal 
quality. Deviations such as missing measured values, outliers, or data with a different interval (time frames) 
must be corrected or optimised with statistical methods as part of a pre-processing step. During the machine 
learning process, features are generated, datasets are divided into test and training data, and the 
corresponding models are initially trained and optimised. Based on the trained model, a live forecast of the 
heat load is generated and made available to the power plant operator via a web interface. In addition, an 
automated learning routine was developed in the project. This routine helps to always provide the best model 
with optimal parameters, including retraining the forecasting models whenever new training data become 
available. 

 

 

Figure 1.  The deepDHC machine learning process for thermal load forecasting 

3. Analysed machine learning methods 
The objective of this chapter is to provide a concise overview of the analysed machine learning methods, 
including their characteristics, and to specify the software packages that were used for their implementation. 

3.1. Seasonal Auto-Regressive Integrated Moving Average (SARIMAX) 

In contrast to neural networks or decision trees, SARIMAX (“Seasonal Auto-Regressive Integrated Moving 
Average)” is based on statistical calculation models. SARIMAX extends the ARIMA model by adding a 



seasonal counterpart to each component.[8] Compared to ARIMA, SARIMIX offers a “seasonal order”, which 
offers advantages for the type of forecasts examined. There are terms that capture the pattern of the data over 
a seasonal period, such as a week, a month, or a year. SARIMAX was implemented in this study using the 
“statsmodels” python library.[9] 

3.2. Echo-State Networks (ESN) 

Echo-State Networks (ESN) are one of the simplest implementations of a neuron-based reservoir computer. 
Reservoir computing is a machine learning approach to training recurrent neural networks (RNN). At its core, 
RNN cells contain an internal memory state which acts as a compact summary of past information. A unique 
characteristic of the ESN model is its efficiency in terms of the required computing power.[10, 11] Modern 
machine learning methods are becoming increasingly complex and require increasingly powerful hardware. In 
contrast, the development of reservoir computers focuses on reducing complexity and solving large machine 
learning tasks with minimal computing power. Recently, reservoir computers have proven to be a powerful and 
resource-efficient alternative in the field of classic forecasting of complex dynamic systems.[12] The Python 
package ReservoirPy was used in implementing this project.[11] 

3.3. Next Generation Reservoir Computing (NGRC) 

Like the “classic” ESN model, the NGRC model belongs to the group of neuron-based reservoir computers. 
[12] [13] In the background, a nonlinear vector autoregression (NVAR) algorithm automatically delivers the 
best possible classic ESN model with the associated hyperparameters. Like the classic ESN model, the NGRC 
model is very efficient and very easy for the programmer to implement. The Python package ReservoirPy was 
used in implementing this project.[11] 

3.4. Temporal Fusion Transformer (TFT) 

In the area of machine learning, transformers are a subtype of neural network. A common obstacle for machine 
learning algorithms is the inability to handle data in the dimension of time. Commonly, the algorithms weight 
the relevance of data at each location equally, thus preventing the extraction of usable knowledge in the time 
dimension. The architecture of the Temporal Fusion Transformer is specialised for performing such time-series 
prediction tasks. To learn temporal relationships on different scales, TFT uses recurrent layers for local 
processing and interpretable self-attention layers for long-term dependencies.[14] TFT offers powerful 
forecasts with customisation options, and unlike other machine learning methods it is not a “black box”. TFT is 
able to independently recognise dependencies within a data set and also includes tools for selecting relevant 
or irrelevant features. Originally developed by Google, several TFT implementations are now available. Further 
details of the TFT-related work in this study have been published separately.[14] The TFT used in this project 
was implemented using the PyTorch API.[15] 

3.5. Long Short-Term Memory (LSTM) 

LSTM is a gradient-based, recurrent neural network with feedback connections. LSTM neurons can hold 
values over any length of time, making them an attractive option for time-series prediction.[16] The standard 
recurrent neural network (RNN) architecture has difficulties in handling long-term dependencies, more 
precisely with the ability to adapt to recalling information late in the sequence. LSTM models address this 
limitation by introducing a memory cell, an internal state that can be updated and read by the network, and 
"gates" that control the flow of information in and out of the cell. This structure allows the LSTM to selectively 
store and update information across many time steps, making it well suited for time series forecasting.[16] The 
LSTM model was implemented using Keras LSTM layers.[17] 

3.6. Adaptive Boosting (Adaboost) 

Adaptive boosting, also known as AdaBoost, is a machine learning algorithm that belongs to the family of 
ensemble learning methods. Ensemble methods combine multiple models to improve their predictive power. 
The basic idea behind AdaBoost is to combine several “weak” learning models into a single “strong” model by 
iteratively learning from the mistakes of the weak learners. The algorithm can handle non-linear relationships 
between the input features and the target variable. It is also able to cope with missing data and outliers.[18] 
AdaBoost was implemented using the scikit-learn library.[19]  

3.7. Extreme Gradient Boosting (XGBoost) 

XGBoost is an open-source implementation of the decision tree gradient-boosting algorithm. The basic idea 
of gradient boosting is to train a series of weak models, where each model is trained to correct the previous 
model’s errors. By iteratively fitting the trees, XGBoost is able to build a highly accurate ensemble of decision 
trees that can capture complex nonlinear patterns in the data.[20] This ensemble of decision trees is based on 
gradient tree boosting, i.e. the trees grow sequentially with the knowledge gained from their predecessor. But 
this method is prone to overfitting, which XGBoost reduces by applying regularisation objects, shrinkage, and 
feature subsampling. XGBoost was implemented using the open-source python library XGBoost.[21] 

 

 



3.8. Stacking 

With the stacking method, the strengths of multiple individual models are harnessed by combining them into a 
single meta-model.[22] In this project, different combinations of base forecasting models such as Random 
Forest, ESN, TFT and LSTM models were analysed. The individual base models’ predictions are fed as 
features into a meta-model, which then makes the final prediction.[22] This can be done in different ways. The 
stacking methods examined in this project were k-fold variation, bagging and averaging. All three methods 
were implemented via the scikit-learn library.[19] 

4. Data characteristics and their effects on forecasting performance 
When assessing a model’s ability to make predictions, it is not only the quality of the training data that must 
be considered, but also its relevance to the current situation. In the context of district heating supply, certain 
factors influence demand independently of the events that can be planned and modelled. The outbreak of the 
Covid-19 pandemic was a major unforeseeable event that impacted energy needs, shifting the demand from 
industrial areas and educational institutions to residential areas. This presents a challenge for cities that 
operate separate networks for different urban areas, since previous regularities in the data are no longer valid. 
Additionally, it is uncertain whether the end of an event will restore the previous conditions, or whether changes 
in energy requirements caused by increased working from home during lockdowns will persist. Old training 
data may no longer be suitable for training models based on weight adjustments when networks expand or 
new urban areas are connected, leading to an increase in demand. Seasonal effects, along with the energy 
consumption of industrial plants that require hot water for their processes, must also be taken into account. 
To account for these changes in the model, data must be collected for the altered consumption profile and 
used to train a new model. In addition to sudden changes such as grid expansion, primary energy shortages, 
and shifts in user behaviour, long-term global transformations such as climate change must also be 
considered. These changes occur continuously and can be compensated for with appropriate methods, as 
described in section 6. 

In summary, numerous factors strongly influence the demand presented by a supply network. This project only 
utilised quantifiable influences to train the models. While it would be possible to incorporate additional data 
e.g. from climate models, economic forecasts, political events, crisis models, stock prices, and other forms of 
news into a model, it would be a time-consuming process that would not guarantee long-term improvement. 
Nevertheless, these factors should be taken into consideration when evaluating and using a forecasting 
technique. While machine learning models can recognise patterns in data that humans cannot see, it is 
important to note that there are no conscious trains of thought behind these mathematical models and that 
only information contained in the machine learning features used can be taken into account. 

5. Benchmarking results 
Fifteen years of operating and weather data in hourly resolution were used to train the machine learning 
algorithms. All eight subnetworks in the city of Ulm were analysed, each providing different challenges in terms 
of demand profiles, data quality and consumer structure. The data used in the following analysis came from a 
subnetwork of Fernwärme Ulm GmbH spanning a total length of 40 km and representing an annual heat 
demand of 75 GWh or 1,100 households. Hence a total of 131,400 data sets were used, each consisting of 
twenty parameters, i.e. measurement data from the district heating network and weather information such as 
air temperature, wind direction and wind speed. The correlation between individual parameters and the 
associated district heating load was previously checked by means of a correlation analysis.[23] 

When optimising and comparing the quality of forecasting algorithms, the characteristics of the metrics used 
must be taken into account. In this project, mainly the mean absolute percentage error (MAPE) was 
investigated because it is easy to interpret and dimensionless. However, a weakness of the MAPE becomes 
apparent when the forecast values are very low, as during the summer months. The metric is skewed at values 
close to zero.[24] Therefore, the mean average error (MAE) is used in addition. In the following analysis, the 
forecasting methods for the heating period winter 2021 (December 2020 and January and February 2021) are 
examined and compared using the MAPE. This period is also the economically most interesting part of the 
year for heating network operators. If precise forecasts make it possible to avoid operating fossil-fuelled 
peaking boilers, the largest proportion of fossil fuels and thus CO2 emissions can be saved during this period. 
The bar chart in Figure 2 below shows a final comparison of the forecasting errors of all analysed machine 
learning algorithms. 



 

Figure 2.  Final results of the 72 h forecast machine learning benchmarking 

In the graph above, an estimated error of traditional forecasting methods where no machine learning algorithms 
is indicated for comparison. Although the SARIMAX model performs only slightly better than the estimated 
manual approach, it has the advantage of requiring only a small amount of data and still being able to produce 
a relatively good forecast (3.1 %-8.25 %) for a short time horizon of 12-24 hours (not shown in the graph). 
However, when predicting over a longer time horizon of 72 hours, the SARIMAX model performs significantly 
worse, with a MAPE of 19.09%. The NGRC and ESN recurrent neural networks show a similar performance, 
with NGRC slightly outperforming ESN with a MAPE of 12.99%. Similarly to SARIMAX, these algorithms also 
have other advantages besides a competitive forecasting error, such as the lower calculation power required 
and faster training time, which is briefly discussed at the end of this chapter. Throughout the project, it was 
found that stacking does not necessarily lead to better forecasts than the best individual method. Among the 
various stacking methods that were examined, such as k-fold variation, bagging, and averaging, simple 
averaging led to the lowest error value of 8.8%. However, stacking was found to be computationally expensive 
and required careful tuning of hyperparameters in order to avoid overfitting. Of the examined learning methods, 
AdaBoost, XGB, and LSTM are amongst the best and most stable, with a forecasting error of around eight 
percent. The LSTM model, in particular, achieves excellent forecasting quality and has lower memory 
requirements compared to XGB and AdaBoost, making it one of the most attractive models, but it requires 
significant implementation effort due to the many hyperparameter options and complex data pre-processing. 
However, the LSTM model demonstrated excellent adaptability when it was faced with new data. For example 
in scenarios that were previously unknown to the model, such as the Covid-19 pandemic or the increase in 
gas prices in 2022, which caused a reduction in heat demand, the LSTM model showed consistent results. 

Overall, TFT delivers the best result for the examined subnetwork, with approximately 5.5% MAPE. Figure 3 
illustrates the forecasting quality by showing the actual thermal load, the load prediction of the best TFT 
algorithm, and the percentage deviation for this method over a 72-hour period. 

TFT 5.46

LSTM 7.83

XGB 7.91

AdaBoost 8.32

Stacking 8.80

NGRC 12.99

ESN 13.73

SARIMAX 19.09

Manual approach (estimated) 25.00
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Figure 3.  Example of a 72h thermal load forecast using the TFT model. 

During live operation at a different grid operator, similar successful forecasting results have been observed. 
TFT is also one of the most complex algorithms to implement. But on the other hand, TFT offers the ability to 
predict multiple time series with a single model. If a district heating supplier operates several networks, which 
is usually the case, a separate model would have to be trained for each network when using a classic machine 
learning model. With the TFT model, this would no longer be necessary, since the model can assign features 
to different target predictions by classifying features into groups.[25] As a result, it is only necessary to train a 
single model for several use cases, which ideally saves time and money. 
 
Benchmarking in terms of calculation power and training time is not straightforward as it depends heavily on 
the complexity of the model and various other factors such as the size and quality of the data and the hardware 
used for computation. However, the ESN and NGRC models proved to be exceptionally efficient, even if they 
do not provide the best forecasting quality. A monthly forecast with approx. 60,000 training data sets can be 
carried out using a simple office notebook (Intel Core i7-6600U, 16GB RAM, Windows 10) in a period of a few 
seconds. In comparison, the TFT model computed on a server with comparatively powerful hardware (NVIDIA 
Quadro RTX 6000 graphics card) needs about 30 minutes for the same training and forecasting process. In 
addition, the ESN model is very easy to implement and is one of the most user-friendly algorithms analysed. 

6. Automated optimisation routine 
During the initial setup of each model, various parameters need to be determined such as the choice of 
subnetwork, training timeframe, and the suitable dataset features. Adjusting the model-specific 
hyperparameters is usually part of “fine tuning” process, which enables the model to be adapted to the specific 
network in question. Each district heating network presents its own issues and characteristic properties, such 
as consumer structure, data quality and consumption patterns (households, industrial customers). A model 
that delivered very good results for one network might possibly deliver poor to unusable results for a network 
unknown to the model. Hence a network-specific approach with an automated optimisation routine was 
developed. 

The developed routine is based on a random search algorithm.[26] The best model up to that point is loaded 
from the database and used as a reference. With the random search method, an n-dimensional parameter 
space is searched intelligently. By considering the effects of individual changes, parameters with a high impact 
are examined more intensively. This results in greater efficiency in contrast to a structured grid search. After a 
comparison, the best model is saved in the database and the process repeated. The system can use this 
routine to react to changes (network expansions, intensive savings measures, lengthy sub-network failures), 
in a limited scope, within a few intervals. 
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6. Live operation and web interface 
In addition to benchmarking thermal load forecasting itself, a software system and web interface for live 
forecasting at the operator’s site was developed. This covered a process of data aggregation, including a fully 
automated routine for regularly fetching required data from different sources, and combining them in a data 
warehouse. It included a step of screening and cleaning invalid data using methods such as imputation or 
other replacement strategies. Besides robust backend systems aiding the training and usage of machine 
learning models, a means of presenting the predictions and additional information to the operator of the district 
heating network is required. Thus a user-friendly web interface, capable of displaying 72-hour time frames of 
predictions together with corresponding data for any given date, was developed in cooperation with the district 
heating system operator. A screenshot of the thermal load forecasting web interface, which was installed at 
the operator’s facilities in summer 2021 and has been in operation since then, is shown in Figure 4 below. 

 

 

Figure 4.  Web-based user interface developed for live operation of load forecasting. 

7. DeepDHC user guide 
A short guide was created to show the basic steps necessary to implement any of the described models. It is 
accessible via the code hosting platform GitHub under the following link:  

https://github.com/deepDHC/deepDHC-user-guide  

This guide will go through an example scenario that will use the historic thermal load and weather data to train 
a LSTM model. This model will then be saved and loaded from disc to do load predictions for another 
timeframe. Moreover, it shows how to calculate errors of the predictions compared to the real load demand, 
thereby providing a brief overview about all basic components needed to create models for district heating 
demand predictions. 

 

8. Conclusion 
The research project deepDHC systematically benchmarked thermal load forecasts using state-of-the-art 
machine learning methods, such as neural networks, decision trees and statistical methods. The study utilised 
long-term historical operating data from the district heating network in Ulm, Germany, combined with historical 
weather data and weather forecasts. Thermal load forecasts were predicted for three days ahead, in 
comparison against one another, and an automatic tuning routine was developed to retrain machine learning 
algorithms based on the latest operating data. 
 
A key takeaway from the analysis is that a proper database has at least the same influence on forecasting 
quality as the model selection. Each and every district heating network is different and requires a model that 
is tailored to the specific network and database (see “No Free Lunch” theorem [27]). 
 

https://github.com/deepDHC/deepDHC-user-guide


Over a time period of 72 hours in advance, the developed forecasting tools were able to predict the thermal 
load within a mean average percentage error of five to eight percent for the investigated district heating subgrid. 
In summary, the TFT model performs best in the examined subnetwork with respect to forecasting accuracy. 
An attractive option is also the LSTM model, since it turned out to be computationally more efficient compared 
to the TFT model, whilst still ranking amongst the best and most stable algorithms in this study.  
 
As part of a plant dispatch optimisation process, the forecasting methods that were analysed in this study can 
help to operate district heating networks more efficiently and cost-effectively.[3] By developing a web interface, 
the best analysed forecasting models could be made available for use in live operation and optimisation by the 
district heating system operator. 
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Abstract: 

Decarbonization and sustainability urge the deployment and utilization of distributed energy systems for 
high-efficiency gains. The dispatchable devices (gas turbines or diesel engines) are integrated with a waste-
to-energy system to harness the energy lost or waste heat and support heat and cold loads. This paper 
investigates the characteristics of a waste heat recovery system and its performance degradation 
mechanism to assess its maintenance necessity and optimize maintenance frequency and the associated 
maintenance and downtime costs. The effectiveness of the waste heat recovery system (WHRS) is regularly 
estimated using the measured inlet and outlet parameters (flow and temperature) to identify the need for 
maintenance. The effectiveness changes not only with degradation but also with inlet conditions that deviate 
from the design conditions. Therefore, the operators are instructed to operate this system at the rated inputs 
and gauge its actual effectiveness. However, this approach did not provide much information on the root-
cause parameters, i.e., the fouling formation and thickness in the shell and tube sides, which are quite 
important to decide the type of maintenance and the associated cost and duration. This paper studies the 
performance characteristics of the waste heat recovery system with reference to all critical and influential 
parameters (i.e., fouling thickness, heat transfer coefficients, and off-design inlet conditions) using a rigorous 
physics-based model. An AI model was developed using the derived performance characteristics to predict 
the fouling thickness estimation. The developed prediction model is able to accurately estimate the fouling 
thickness on the gas and water sides, and the error or deviation is within ±0.3 mm. By deploying this 
prediction model, the critical parameters can be monitored in real-time, and the performance degradation 
trajectory paves the way to understand degradation status and estimate the right maintenance time frame to 
schedule maintenance proactively, considering the maintenance cost and downtime effects. 
 

Keywords: 

Waste Heat Recovery; Performance degradation; Fouling Prediction Model; Predictive Maintenance; 
Sustainability.  

1. Introduction 
Wide deployments of renewables and distributed energy systems show promising efficiency gains toward 
decarbonization and sustainability goals. The local power generation reduces transmission and distribution 
losses, paves the way to harness the waste heat from the dispatchable turbines (gas or diesel) to support 
thermal loads at a competitive price, and greatly increases the overall energy efficiency ([1], [2]). Unlike 
turbines and chillers, the waste-heat recovery system, i.e., an apparatus of heat exchangers, is not standard 
equipment; it is usually passive and primarily designed based on specific process requirements. Over time, 
the heat exchanger faces fouling issues due to the continuous deposition of impurities or particles on the 
heat transfer area, which affects efficiency [3]. Most heat exchangers undergo corrective maintenance on a 
need-based basis or preventive maintenance at periodic intervals. The corrective approach causes 
equipment downtime and high maintenance costs; preventive maintenance, which proactively entails regular 
maintenance, does not account for the actual condition of the system and the maintenance needs 
accurately. This paper focuses on developing a fouling prediction model for waste heat recovery systems 
(specifically exhaust gas-driven WHRS) to support predictive maintenance planning and reduce 
maintenance costs and downtime. 
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1.1 Background – Fouling & Maintenance of Heat Recovery System 

Numerous studies have discussed various maintenance methods and their evolution in diverse 
processes [4]. Corrective or reactive maintenance is a primitive method popularly called "run-to-failure," 
usually conducted after the system fails, whereas preventive maintenance performs routine periodic 
inspections to trigger necessary replacement well in advance to avoid any failure. Unlike reactive and 
preventive maintenance, the predictive approach is more tied to system performance, and it requires 
concrete measurement to quantify the root cause and key indicators and initiate a suitable maintenance 
plan. In energy systems, especially in a WHR system, fouling (carbon deposit on the gas side, salt deposit 
on the water side) occurs gradually over time and affects the heat recovery performance and degrades the 
system efficiency. The underlying root cause of fouling is the impurities in the inlet streams and their affinity 
for the heat exchanger surface. Unfortunately, the fouling cannot be measured directly in real-time; some of 
the available handheld devices support offline measurement that requires perforating the equipment ([5], [6]). 
Notable studies investigated different heat exchangers and their fouling characteristics. Most of the studies 
utilized data from experiments and exploited analytical and thermodynamic models. Riverol et al. [7] used a 
neural network to estimate fouling in a plate heat exchanger for the pasteurization application. The simple 
neural network (two inputs and one output) developed reads and processes data to detect critical operation 
conditions and advise on the necessity of cleaning (maintenance). The fouling in heat exchangers and the 
effect of various factors such as velocity, temperature, concentration, and pH influencing the fouling growth 
[8]. This study highlighted the variation in fouling thickness over the pipe length. Other possible root causes 
of fouling are particulates, biological reactions, chemical reactions, corrosion, and decomposition. The NN 
and RSM models were developed using one-year experimental data to predict the fouling resistance of the 
crossflow heat exchanger system in a phosphoric acid concentration plant [9]. Elwerfalli et al. [10] estimated 
the probability of failure in the heat exchangers using risk-based inspection, a ranking matrix, and the 
associated rectification cost. This approach helps to identify high fouling and plan the shutdown maintenance 
activity. A few studies investigated the suitability of various machine-learning algorithms for predicting fouling 
resistance in plate heat exchangers [11]. Interestingly, the focus was mainly on predicting the combined 
resistance but not the individual resistance and its root cause parameters. Deep learning techniques [12] 
were adapted to predict the resistance on the gas and water sides as well as the combined resistance with 
reasonable accuracy. This study considered all critical measurements in the NN model, including flow at 
fouled conditions, but did not provide much information on translating the derived resistance into 
maintenance decisions. 

 

Most of the above studies focused on improving the accuracy of the prediction model by using rigorous and 
sophisticated machine learning and artificial intelligence algorithms using limited real-time data or adequate 
data from analytical and thermodynamic models. In the majority of processes, upstream processes supply 
the inlet gas and water; in such cases, fouling mainly imposes an additional pressure drop when the inlet and 
outlet flow remain the same. This paper aims to study the influence of each measurement (feature) on the 
prediction results and discover the crucial measurements that can provide acceptable accuracy. Identifying 
the key inputs prevents needless sensor and instrumentation costs and mainly reduces the complexity of the 
prediction model to apply in real-world applications. By deploying the prediction model in the process 
monitoring system, it helps the operator identify the fouling thickness and growth phenomenon regularly. The 
continuous prediction and monitoring of fouling thickness helps identify the fouling growth rate and type 
(linear, falling, asymptotic, or saw tooth) [13] that depends on the inlet streams, such as velocity, impurities, 
and affinities towards the heat exchange surface [14]. By projecting the fouling trend at every time period 
(monthly or quarterly), the operator can estimate the fouling status for the next time period and decide the 
need for maintenance activity by comparing it with the tolerance level. Identifying the right time well in 
advance allows the operator to plan the maintenance activity efficiently, i.e., devise the right maintenance 
schedule or frequency (washing, purging, antifouling agents, etc.), conduct a cost analysis covering 
maintenance cost, performance gain cost, and downtime cost, and accordingly trigger the necessary 
redundancy and alternative operation choices to reduce the production loss. 

 

2. Methodology 
2.1 Predictive maintenance concept 

The concept of the proposed preventive maintenance methodology for the waste heat recovery system 
(WHRS) is illustrated in Figure 1. The actual operational data for the duration of a year is the prerequisite for 
this methodology to model the system's performance and study the effect of scaling parameters. The 
expected outcome is a maintenance schedule recommendation considering all critical factors such as 
maintenance cost, downtime effects, and energy efficiency gains. Generally, the actual operation data can 
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be extracted from the process energy management system (EMS). Data pre-processing is required to 
remove measurement noise and outliers and mainly extract the required steady-state values from the time-
series operation data [15]. In WHRS, the flow, pressure, and temperature of the exhaust gas and water are 
the critical variables that can be easily measured using appropriate sensors at the inlet and outlet streams. 
The challenge is measuring the fouling thickness on the interior and exterior of the tubes. Real-time 
measurement is not possible to measure fouling readily; some of the available hand-held devices require 
dismantling the system, which is expensive, and regular measurement is not possible [6]. In such cases, 
leveraging thermodynamic models is very relevant for the user to generate system performance at various 
inlet, surrounding, and fouling conditions. The minimal computational resources, fast computation, and 
freedom from measurement noise are additional benefits. Alternatively, in cases of limited operational data, it 
is good to supplement additional data from thermodynamic models, mainly to account for atypical operation 
conditions. 

 

 
 

Figure. 1. Schematic of proposed preventive maintenance methodology 

Numerous AI-based data-analytic algorithms are emerging to understand and capture system behavior from 
the data. Interestingly, in certain situations, AI-based data-analytic model development outperforms 
conventional physics-based models in terms of development time, resources, and prediction accuracy, 
especially for complex multi-variate systems. However, a data-analytic model requires substantial data for 
model training, validation, and testing, and the representative data should cover wide ranges to capture the 
system behavior comprehensively [16]. 

Deploy the developed data-analytic model in the process EMS and estimate the essential variables using the 
measurements available in real-time. Of course, the estimated variable may show some variations due to 
measurement noises, system dynamic behavior, and different inlet conditions. The key takeaway is the trend 
of the estimated variable on a long run (i.e., on a weekly, monthly, or even quarterly basis) to understand the 
scaling growth or build-up and performance deterioration trends. Incorporating or configuring a few 
processing techniques in EMS helps to remove the noise and outliers in the trend so that the system 
operator can identify the trend and extrapolate for future timeframes of interest. This projection will give an 
indication of the time when the system performance could fall below the acceptable tolerance and enable the 
operator to decide the maintenance schedule accordingly. Mainly, this insight or alert comes well in advance 
so that the operator has adequate time and operation flexibility to plan the maintenance schedule optimally 
by considering key factors such as system performance, expected downtime, downtime implications, 
maintenance cost, and benefits. 
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2.2 WHRS Performance 

Figure 2 illustrates a cross-section and elevation view of a tube surface and pinpoints the type of fouling 
formation on the inner and outer surfaces of the tubes. The exhaust gas flows inside the tube, and water 
flows outside the tube (i.e., in the shell). Various thermodynamic models, such as the e-NTU method and 
physics-based ODE and PDE approaches, can estimate heat exchanger performance in diverse inlet 
scenarios. The e-NTU method [17] is widely employed to estimate the outlet conditions (Tgo and Two) of the 
WHRS for the given inlet conditions (Mg, Tgi, Mw, Twi), system (Uref, A), and fouling parameters (tshell, ttubes). 
The e-NTU model, the pressure drops, and the performance of WHRS are described in Eq. 1 – 11, these 
equations can be either solved simultaneously using the EES or sequentially and iteratively using MATLAB 
or Python. The Cpg and Cpw represent the heat capacities of exhaust gas and water at their arithmetic mean 
temperatures. The Uref and Ucalc refer to the overall heat transfer coefficient of clean and fouled WHSR. The 
Uref and A are taken from the specification sheet of the pilot plant facility. To simplify and balance the 
complexity of the thermodynamic model, a few key assumptions were incorporated, such as (i) uniform 
scaling along the tube length, (ii) fouling causes additional heat resistance and the effect on the heat transfer 
area is insignificant, and (iii) negligible heat losses to the surrounding area due to perfect insulation on the 
shell side. 

 

 

Figure. 2. Cross-section and elevation view of heat exchanger section 
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Equation 9 and 10 estimate the pressure drop of the gas and water streams (adapted from Kakac et al. [3]). 
The efficiency of the heat exchanger is the ratio of the actual and optimal heat transfer rates expected in the 
heat exchanger. The optimal (maximum) heat transfer rate is the product of the UA of the heat exchanger 
and the arithmetic mean temperature difference (AMTD) of the inlet and outlet streams [18]. Deploying the e-
NTU model in the process EMS to estimate the fouling thickness in real-time is challenging because the e-
NTU model requires accurate measurement of all critical measurements and computation resources. On the 
other hand, the AI model can be easily deployed in EMS and is capable of estimating the fouling thickness in 
real time with minimal computation effort without facing any convergence issues. 
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2.3 Fouling Prediction Model 

The AI-NN architecture (as shown in Figure 3) comprises seven inputs and two outputs used for fouling 
prediction on the inner (gas fouling) and outer (water fouling) surfaces of the tubes. The inputs (features) are 
gas flow, gas inlet and outlet temperature, water inlet and outlet temperature, and the pressure drop on the 
gas and water streams. The water flow remained at its designed condition. The operational data is the 
requirement for the prediction model development, and the data should cover the board operation range, i.e., 
all possible operation scenarios such as design and off-design conditions. 

 

 
Figure. 3. Schematic of Neural Network architecture used for the fouling prediction. 

 

The number of hidden layers and epochs are the tuneable parameters to balance the model complexity and 
achieve the desired prediction accuracy. In addition to the fouling prediction, this study aims to understand 
the importance of inputs (features) and their effects on prediction accuracy. By comprehending the 
importance of the inputs, they can be categorized as primary and secondary; eventually, the secondary 
inputs can be either eliminated or wisely chosen to simplify the prediction model and the associated data and 
instrument requirements without losing the accuracy of fouling prediction. The workability of the proposed 
methodology will be discussed in the following section using a case study problem. 

 

3. Case Study – Combined Heat & Power (CHP) System 
The proposed preventive maintenance methodology is applied in a pilot plant facility at NTU’s Experimental 
Power Grid Centre (EPCG), Singapore. EPGC has a unique test facility, rated above 1 MW of distributed 
energy resources that allows test-bedding and research, development, and demonstration (RD & D) of a 
variety of energy technologies. Figure 4 shows the schematic of the integrated electrical and thermal grid 
facility at EPGC [19]. The generators serve the electrical load, and the exhaust gas from the generators 
powers the thermal grid to harness waste heat and convert it into useful energy. The thermal grid comprises 
critical systems such as a WHRS, an adsorption chiller, and thermal storage responsible for recovering 
waste energy and generating useful forms of thermal energy. The WHRS recovers heat in the form of steam 
or hot water, depending on the heat potential of the exhaust gas and the type of thermal load. Figure 5 
shows a shell and tube heat exchanger as WHRS based on the generator size and the thermal and chemical 
properties of exhaust gas. The designed WHRS recovers 55%–80% of heat from the exhaust gas, whereas 
the rest is rejected to the atmosphere, considering the thermodynamic and design limits. The real benefits 
occur when the heating loads are located near the WHRS; otherwise, the pumping cost needs to be 
considered. When the generated steam or hot water is higher than the heating loads, either thermal storage 
is a preferable option to store excess energy for later use or convert it to other forms of useful energy, such 
as chilled water for air conditioning purposes. This integrated system improves overall energy efficiency by 
recovering the waste heat from the exhaust gas and converting it into various useful forms of thermal energy 
[20]. 
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Figure. 4. Schematic of integrated electrical and thermal grids at EPGC 

 

 

 

 

 

Actual Testbed Design Condition 

Figure. 5. Waste heat recovery system: a) Actual system; b) Design conditions 
 

Figure 5 shows the actual WHRS supporting various experiments and testing smart technologies and its 
design conditions (Table 1). The performance of the WHRS deteriorates over time due to fouling at the inner 
and outer tubes due to exhaust gas and water, respectively. The carbon and salt deposit builds up gradually, 
increases the thermal resistance significantly, and reduces the heat transfer between gas and water. The 
fouling on the interior of the tubes reduces the gas flow area, increases the pressure drop, and influences 
the back pressure of the generator and its performance. The fouling on the exterior of the tubes reduces the 
flow area of water and increases the pressure drop and pumping power. Therefore, real-time estimating of 
fouling is important to understand the system condition and plan maintenance optimally. 

 
Table 1. WHRS designed inlet and outlet properties. 

 
Parameters Design Condition 

Flue gas inlet Flow & Temperature 1548 kg/h and 441 C 

Water inlet Flow & Temperature 5040 kg/h and 78 C 

Flue gas inlet & outlet pressure  105 and 104.2 kPa 

Water inlet & outlet pressure  1000 and 998.5 kPa 

Flue-gas fouling factor  0.6 W/mK 

Water scaling factor  2.941 W/mK 

 

The actual operational data is the prerequisite for predictive maintenance methodologies. 
Representative operational data should capture wide operation conditions (i.e., all possible inlet and scaling 
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cases). Unfortunately, in the actual system, the possibility of collecting broad operational data is difficult 
because (i) fouling occurs in the long run, (ii) all variables cannot be measured online, especially fouling 
thickness [6], and (iii) the actual operating range is limited, not wide-ranging. Hence, this study exploits a 
thermodynamic model to generate complete data under diverse operational conditions. 

 

3.1 WHRS Performance Characteristics and Effects of Fouling  

Figure 6 shows the derived outlet condition of WHRS under diverse fouling conditions derived using the e-
NTU model. Both carbon deposits and water fouling reduce the heat exchange between exhaust gas and 
water; therefore, the outlet temperature of exhaust gas increases and the outlet temperature of water 
decreases compared to the rated outlet condition. The carbon deposit greatly influences the outlet 
temperature more than water scaling because the heat flows from the gas to the water, and the carbon 
deposit has low thermal conductivity and imposes high resistance. For example, flue gas resistance is 
roughly five times higher than that of water. Figure 7 shows the expected performance of the heat exchanger 
under diverse fouling conditions. 

 

 
Figure. 6. WHRS performance at diverse fouling (at rated inlet conditions) 

 
 

 

Figure. 7. Normalized performance of WHRS at different fouling (at rated inlet conditions) 
 

In real-world operation, the inlet exhaust gas flow and temperature to the WHRS change with upstream 
processes such as generator loading and return water conditions. Table 2 shows the operating range 
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extracted from the historical data of the WHRS. Regrettably, the fouling information is not readily available; 
therefore, the e-NTU method was exploited to estimate the fouling thickness. The next section will discuss 
the development of a prediction model to support the predictive maintenance of the WHRS. 
 

Table 2. WHRS Operation Range. 

Inlet and outlet streams Operating range  

Flue gas inlet flow   60-100% of designed gas flow 

Flue gas inlet temperature   441 – 492.1 C 

Water inlet flow  60-100% of designed water flow 

Water inlet temperature  78 – 84 C 

 

3.2. AI-NN Fouling Prediction Model 

The required performance data was generated for 1000 operational scenarios (uniformly distributed) 
covering design and off-design conditions, accounting for the actual operation range (as stated in Table 2), 
and the corresponding fouling estimated by solving the e-NTU model using the EES solver [21]. The AI-NN 
model with five hidden layers offers acceptable prediction accuracy (R2 = 99.87% and MSE = 0.005). Figure 
8 shows the actual and predicted fouling thickness on the inner and outer tubes (shell sides). The fouling on 
the inner tube is dominant due to high resistance (as mentioned in Table 1) compared to the fouling on the 
outer tube. Figure 8c and Figure 8d confirm the error is within an acceptable range and well below ±0.3 mm. 
To keep in mind, the performance data utilized is smooth; however, in the real application, the actual data 
may contain instrumentation errors and measurement noises that need to be pre-processed cautiously 
before applying to the prediction model. 

 
 

 
(a) Carbon deposits at inner tubes (b) Salt deposit on the outer tubes 

 

  
(c) Residuals (d) Error distribution - training, validation & testing 

 
Figure. 8. (a) and (b) show the actual and predicted fouling thickness on the tube and shell side. (c) and (d) 

shows the residuals and prediction error of training, validation, and testing set. 
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Figure. 9. Number of features and the expected prediction accuracy in regression coefficient. 
 

Even though the above model can predict the fouling thickness accurately, it is essential to understand the 
importance of each feature to reduce the complexity of the prediction model and operational data 
requirements. Various recursive feature elimination methods such as random forest, SVM, k-nearest, and 
neural networks can be useful to study the importance of the features. These methods conduct model 
training repeatedly and eliminate the weakest feature in each iteration until the specified number of features 
is reached. The feature selection is purely based on the coefficients; in the case of decision tree-based 
models (i.e., random forest), the feature selection is based on the importance attribute. This study employed 
Random Forest for feature selection, which identifies the best feature to split at the next node from a subset 
of features based on a criterion such as mean squared error, which explains variance reduction to minimize 
the loss [22]. Figure 9 shows the expected prediction performance when using a different number of 
features. For example, using three features, the expected prediction performance ranges from 0 to 99.79%. 

 

Table 3. Best features and the expected prediction accuracy 
 

Features Best Features R2  
% 

MSE 
x10-3 

±𝜎 
mm 

 

1 Tgo 43.08 - -  

2 Tgo and ΔPw 99.59 19.1 6.6  

3 Tgo, ΔPw and ΔPg (or Mg) 99.79 9.3 4.1  

4 Tgo, ΔPw, ΔPg and Mg 99.87 5.5 2.9  

5 Tgo, ΔPw, ΔPg, Mg and Tgi 99.87 5.4 2.9  

6 Tgo, ΔPw, ΔPg, Mg, Tgi and Two 99.87 5.4 2.9  

7 Tgo, ΔPw, ΔPg, Mg, Tgi, Two and Twi 99.87 5.2 2.8  

 
The best combination of input features offering high prediction accuracy is studied using a feature search 
algorithm using recursive learning. Table 3 shows the best features and the expected prediction 
performance; it shows the accuracy improves with the number of features. Especially for this application, a 
minimum of three features are required to get reasonable accuracy. Using the right number of features would 
also reduce the data requirements and model complexity. The deployment of the developed prediction model 
estimates the fouling thickness (on the inner and exterior of the tubes) continuously and aids monitoring and 
analysis. In the CHP system, fouling occurs slowly over a long period of time; therefore, a minimum of six to 
twelve months of data is required for complete analysis. Generally, the efficiency of WHRS is a key factor in 
deciding maintenance. For example, maintenance is activated when the efficiency drops below 20% 
compared to the design condition. By knowing the actual root cause factors, such as fouling thickness, one 
can decide on appropriate maintenance methods. The proposed prediction model accurately estimates the 
root cause factors and their severity, which allows the operator to decide on the right maintenance options 
and cut down on unnecessary downtime and maintenance costs. Even by knowing the root cause, one can 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 
cautiously redefine the tolerance level (i.e., efficiency losses) considering the dependent process system and 
costs. 

 

Conclusion 
This study proposed a predictive maintenance methodology for waste heat recovery systems to identify 

an optimal time frame accounting for efficiency loss, maintenance cost, and downtime. An AI-based fouling 
prediction model is a critical requirement for maintenance methodology and was developed using actual data 
and supplemented data obtained from the thermodynamic model. The developed model helps identify the 
root cause and predict the fouling thickness with acceptable accuracy. To simplify the prediction model and 
data requirements, the importance of each feature and its effects on prediction accuracy were examined. 
The exhaust gas outlet temperature, the pressure drop of the water and gas streams, and the mass flow of 
exhaust gas are critical inputs or features required for the AI-based prediction model. Interestingly, the 
pressure drop data greatly helps the fouling prediction as it inherently accounts for the flow and the effective 
diameter influenced by the gas and water side fouling. The rest of the features help to improve the prediction 
accuracy and show a marginal effect. Deploying the developed fouling prediction model in the energy 
management system provides a fouling trend that greatly supports a project in the future time frame to 
identify the key time or sweet spot for maintenance accounting, proper redundancy, and mitigation plans. 
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Nomenclature 
Acronyms Greek symbols 

AI artificial intelligence 𝜂  heat exchanger efficiency 

EMS energy management system   

eNTU effectiveness number of transfer unit method Subscripts 

WHRS waste heat recovery system act actual heat exchange 

A heat transfer area, m2 calc fouling condition 

Cp specific heat, J/(kg K) g flue gas 

d diameter, m i inlet 

M mass flow, kg/s LMTD log mean temperature difference. 

P pressure, kPa o outlet 

ΔP pressure drop, kPa opt optimal or maximum heat transfer 

Q heat transfer, W ref reference condition 

T temperature, °C shell within shell (exterior of tube) 

𝑻 average temperature, °C tube interior of tube 

ΔT temperature difference w water 

U overall heat transfer coefficient, W/(m2 K)   
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Abstract:
The construction of energy-efficient buildings is one of the most important measures to reduce the impact of
buildings on our environment. The dynamic simulation of the energy systems of these buildings can improve the
design and performance and thus reduce the emissions that impact the environment. However, the process of
creating models for dynamic simulations is time-consuming and error-prone. By using already existing digital
models from the planning process the process of model generation can partially be automated. This paper
presents the tool bim2sim and its underlying methodology for the application of automatic model generation
for dynamic hydraulic energy system simulation with Modelica based in Building Information Modeling models
with the open exchange format IFC. The tool is applied to the use case of an example energy system and a
manual comparison modeling is performed for the energy system in Modelica. The comparison shows that
automatic model generation saves a significant amount of time even for comparatively simple systems.

Keywords:
Building Information Modeling, Hydraulic energy simulation, Modelica, Model generation

1. Introduction
Operation of buildings is responsible for 34 % of energy use and 37 % of carbon emissions worldwide [1].
Improving the energy efficiency of building energy systems can help to reduce the environmental impact of
buildings. To increase the efficiency of buildings, dynamic simulation models of building energy systems are
becoming increasingly important for both design and operation of buildings. However, the generation of these
simulation models is a time-consuming process that requires a high level of expertise. Especially because
buildings and their energy systems are unique for every building [2]. In order to increase the dissemination
of dynamic simulation models in practice, the effort required to create these models must be reduced. The
partially automated creation of models on the basis of already existing digital planning data, such as Build-
ing Information Modeling (BIM), is a promising approach. In the field of dynamic energy system simulation,
however, there are very few approaches that attempt to convert existing BIM models directly into simulation
models. By using the open exchange format IFC and the programing language Python, this paper presents a
tool and the underlying methodologies to achieve a semi automatic model generation of simulation tools based
on BIM models.

2. Related Work
The idea of using data models from digital design and, in particular, BIM data is not new. Especially in the
field of thermal building simulation, there are already various approaches to avoid redundancy in the double
modeling of planning and simulation models [3–7]. In the area of hydraulic-focussed energy simulations or
Heating, Ventilation and Air Conditioning (HVAC) simulation in general, the number of existing approaches is
smaller. Bazjanac et al. dealt with the issue of transferring HVAC information from IFC in 2002 and 2004 [8]
[9]. The presented IFCtoIDF tool used EnergyPlus and the IFC2x2 standard, but the tool is not published.
Hauer et al. analyze the presentability of HVAC components in the IFC schema [10]. The most important
findings are that the IFC schema even in version IFC 4 does not yet provide sufficient options to represent all
relevant components of a HVAC system. Accordingly, linked data must be used for a complete description.
Furthermore, they give recommendations for possible extensions of the IFC schema with focus on the energy
generators. Andriamamonjy et al. present a methodology for deriving thermal building and plant simulations
based on the IFC [11]. The IFC is imported to Python with IfcOpenShell and the output is a Modelica simulation
model. The focus is on the analysis of different life cycles and planning stages of the building. The approach
uses a direct mapping of the BIM data into the Modelica library IDEAS. The presented IFC2Modelica approach



and its code is not published as an open source project. In his PhD thesis, Pauen invented the TUBES System
Ontology (TSO) and the tool IFC2TSO to provide better understanding of the HVAC systems [12].
A necessary aspect to create executable simulation models is the creation of a control for the energy system.
In order to represent this control in the simulation model, the control logic itself, as well as the linking of this
logic with the signals of the associated sensors and actuators, are necessary.
Benndorf et al. present the implementation of a control in the IFC scheme using the example of a heating
curve, a time-controlled volume flow controller and a temperature control. For this purpose, the IFC schema
had to be supplemented by own new components. Furthermore, the concept of linked data sources was also
used by using the IfcOwl schema to establish connectivity with the building automation control. However, it is
noted that the use of BIM in the context of building control and automation is just being developed and existing
BIM models and modeling tools cannot yet represent control, which is why they had to be subsequently added
to the Revit export of the BIM model using IfcOpenShell. [13]
Sporr et al. use the IFC data format in their work to develop a methodology for mapping the control of an
energy system for building heating. The methodology uses a combination of TRNSYS and Simulink and relies
on additionally created data in addition to the IFC, since the IFC does not provide the necessary information
on the producer side. [14]
Existing research already covers investigation and usage of BIM-data for simulation model generation in the
HVAC domain, but non of the existing approaches was released in form of a public available tool. Furthermore,
most approaches are based on the assumption of a perfect IFC model that contains no errors or lacks infor-
mation. In reality, BIM models are currently often not yet perfect, for three main reasons. Authoring software
has shortcomings regarding the export to IFC (1), the IFC format itself has shortcomings as not all relevant
components and their semantic data is covered by the current IFC4 standard (2) and last but not least, model
creators often do not add the relevant data to the BIM model, especially semantic data is often missing. Based
on the existing shortcomings, a new approach is developed that provides an easy extendible and open source
approach that works with non-perfect IFC data to create Modelica simulation models based on IFC4 data.

3. Methodology
Even though this article focuses on creating hydraulic energy simulations of HVAC systems, we want to give
a brief overview on what bim2sim can do in general. In short, bim2sim is a tool that includes methods and
concepts to read data from an IFC file, convert it to a simulation-oriented meta-class structure by collecting
as much information as possible from the IFC, perform various types of processes and simplifications on the
meta-classes, and export the results to a simulation model. This process can be used for HVAC simulations as
presented here, but we also implemented methods and concepts to perform Building Performance Simulation
(BPS) .The basic idea was already published [15] as well as the application on BPS [5,16].
The workflow that is used specific for HVAC simulation is shown in figure 1. The Computer Aided Design (CAD)
model that is created with a BIM authoring software is exported to an IFC model. This IFC model is loaded
into bim2sim using IfcOpenShell and the relevant IFC elements are converted into a meta-class structure in
Python. This meta-class structure is designed regarding the needs of the simulation domain. The meta-class
instances are then transferred into a graph network that allows to run various simplification processes on the
HVAC system to make it exportable to a simulation model. In the following sections the different steps are
explained in more detail.
3.1. Importing data from IFC
Since two different object types are used in the conversion process, they are formatted differently for better
distinction. IfcElements are displayed in italics, and Python meta-class elements are displayed in code style.
To get the relevant information from the IFC file to perform a semi-automatic simulation model generation, we
use the Python implementation of IfcOpenShell to import the IFC data into Python. As Amor has shown, the
number of entities, and thus the ability to represent systems in IFC, has increased significantly with the release
of IFC 4 [17]. For this reason, bim2sim supports only IFC 4.
IfcOpenShell allows us not only to get the relevant data for every component but also to get metadata about
the authoring software which is needed later in the process to enrich missing data.
3.2. Preliminary Model Check
In the next step we perform a model check against the loaded IFC. First basic validations are performed,
e.g. to check that all IfcElements have a unique GUID. Subsequently, element specific checks are performed
regarding the existence and correctness of attributes (e.g. the capacity of a boiler). In the last step HVAC
specific checks are performed. E.g. all IfcDistributionElements are checked if they have ports assigned via the
IfcRelConnectsPortToElement relationship
The results are displayed in form of an interactive HTML report. The goal is that the engineer who is in charge



Figure 1: Process of bim2sim for HVAC domain.

for the simulations has a document which can be given to the BIM model creator. This document should provide
the necessary information about all missing or wrong information inside the IFC model. The BIM model creator
can update the IFC export afterwards based on the report.
3.3. Conversion to meta-structure
If the check succeeds the IfcElements are converted into the simulation orientated meta structure. This step
makes sense, since BIM models for HVAC simulations are still partially insufficiently parameterized. The usage
of the meta-structure allows obtaining the relevant information for the simulation from different sources in the
IFC. For example, the surface roughness of a pipe can only be taken from the semantic information, but the
length and diameter can also be determined via the calculation of the geometry if semantic information is
missing. The conversion process consists of two parts. First, the physical instance of the IfcElement to be
mapped must be identified and second, all relevant information about this class that can be obtained from the
BIM data must be collected. The whole process of a meta-class element creation for the example of a boiler
is shown in figure 2 and is explained in more detail below.
3.3.1. Class mapping

To keep the system modular and easy extendible, we use the class based structure in Python to represent
each needed element with its own Python class. First, we have the base class IFCBased, which takes care of
general processes such as calculating absolute position and orientation, which is required for all IfcElements
regardless of their domain. Then we have the HVACProduct that inherits from IfcBased and adds additional
functionality like the connections between ports and elements. This domain specific class is inherited to every
element specific class, like the Boiler meta-class. In this element specific class we define the mapping rules,
how to obtain the attributes and additional functions that are required for this process.
The IFC standard uses two information to define an instance of an IfcElement : the IfcElement itself and the
IfcTypeEnumeration which allows further specification of the element. In current IFC data, especially in the
HVAC domain, we often encounter missing correct declaration of the IfcElement and instead dummy classes
like IfcElementProxy are used. But even if the IfcElement is correctly defined, the IfcTypeEnumeration is often
set to USERDEFINED or completely missing. To overcome these problems and allow bim2sim to be used
with non-perfect IFC-files, we implemented the possibility to add patterns in the form of regular expressions
to look for in the semantic data of the element. This is useful, because even if the IfcElement is not correctly
defined, the model creator might have entered the relevant information to identify the element as a string in the
description of the element.
To make the structure extendible for new elements, these can easily defined as shown in the following example.

class Boiler(HVACProduct):
ifc_types = {’IfcBoiler’: [’*’, ’-EXCLUDING_TYPE’]}
pattern_ifc_type = [

re.compile(’Kessel’, flags=re.IGNORECASE),
re.compile(’Boiler’, flags=re.IGNORECASE),

]



Figure 2: Process of meta class element creation for a boiler.

Based on this definition, the mapping process will first look for elements that are classified as IfcBoiler by taking
all enumeration types (due to the ’*) but the ’-EXCLUDING_TYPE’ into account. Additionally the process will
look for every element that has the strings ’Boiler’ or ’Kessel’ (german for boiler) in their description. If multiple
possible mapping classes are found, a user decision will be triggered.
Based on the defined classes all elements in the IFC will be converted into meta-class elements. An overview
about all currently implemented classes for HVAC domain and their mapping is listed in Table 1.

Table 1: Mapping between IFC and Meta-structure. *:= all TypeEnumerations are included.

Groups IFC Element IfcTypeEnumeration Meta-Classes

Connections IfcDistributionPort DUCT, PIPE HVACPort
IfcDistributionSystem * Medium

Energy Conversion IfcBoiler * Boiler
IfcElectricGenerator CHP CHP
- - HeatPump
IfcChiller * Chiller

Hydraulic Distribution IfcTank STORAGE Storage
IfcPump * Pump
IfcValve * Valve
IfcValve MIXING ThreeWayValve
IfcPipeSegment * Pipe
IfcPipeFitting * PipeFitting
IfcPipeFitting JUNCTION Junction
IfcDistributionChamberElement * Distributor
IfcDistributionSystem * Medium

Heattransfer - - -
IfcSpaceHeater * SpaceHeater
IfcHeatExchanger * HeatExchanger
IfcCoolingTower * CoolingTower



The IfcDistributionPort and IfcDistributionSystem have a special role, as they are used to connect the different
elements to each other and define the flow direction between the elements. The concept used in IFC to
represent connections is shown in figure 3. The meta-classes use this concept as well by assigning the
respective HVACPorts to every meta-class element and get additional information about the medium in a
circuit from IfcDistributionSystem.

Figure 3: Concept of IFC to represent connections.

It’s to mention that due to the fact that the IFC standard does not offer the possibility of directly mapping
thermally active components, such as underfloor heating or concrete core activation, are taken care of via the
concept of aggregations. Aggregations are explained in more detail in the section 3.4..
3.3.2. Attribute system

The created meta-class elements now needs to be filled with the relevant semantic information. On the left
side in figure 2, we can see that the IfcBoiler provides semantic information included in three IfcPropertySets
that represent the three different types of property sets that the bim2sim tool takes into account.

1. The Pset_BoilerTypeCommon as well as the belonging properties are IFC-schema compliant.
2. The Pset_AuthoringTool represents a property set that is not IFC schema compliant, but which is never-

theless typical for a specific authoring tool.
3. The Pset_Editor, which is a fully custom property set added by an editor. This one is not following any

rules.

All three IfcPropertySets hold information that are relevant for the simulation model. The first one can be
taken directly by implementing the IFC schema into the code. For the second one, additional information for
every known export tool needs to be stored. For the last one, regular expressions can be used to find relevant
information. Another challenge is that information might be stored implicit, but an additional calculation process
is needed to obtain the final data that the simulation model requires.
To obtain all relevant information from the IFC-data we implemented the Attribute-system. The Attribte-system
is a hierarchical approach that searches for a defined information by multiple approaches. The structure in
figure 4 shows the usage of the Attribute-system to obtain the nominal_efficiency and the rated_power of
the boiler as the IFC standard does not offer pre-defined options to input this data.
In this example, all implemented possibilities to retrieve information from the IFC are covered:

• default_ps: get information from property set that is defined in IFC standard
• functions and dependant_attributes: calculate/convert information into the direct form based on other

attributes
• patterns: search for attributes based on regular expressions
• JSON: an additional file which is used to define typical places where specific authoring tools place infor-

mation



Figure 4: Excerpt of the attribute definition for the boiler meta-class.

The IFC-standard only allows defining the efficiency curve as a list of pairs of part load power and part
load efficiency, but not nominal_efficiency itself. Still, the curve information can be used to calculate the
nominal_efficiency. The rated_power can’t be defined in the IFC as well. But based on the calculated
nominal_efficiency and the nominal_power_consumption which can be defined in the IFC, the rated_power
can be calculated as well.
To meet the goal of being able to generate simulation models even without perfect IFC models, all attributes can
also be found in the IFC through the regular expressions as shown. Furthermore, the attribute system searches
for dependent properties in the IFC based on the authoring tool defined in JSON on the right of the figure. For
this purpose, the authoring tool is stored when the IFC file is loaded. As a last option, a user decision is
created to retrieve the needed values. However, this is only executed against when the corresponding attribute
is needed, either for a calculation of another attribute, or for the export to the simulation model to maximize
the level of automation. This is described in more detail in the section 3.5. In addition, the attribute system
ensures that all parameters are correctly converted to the specified units, based on the IfcUnits specified in
the IFC. By using the Python package pint [18], it is ensured that later conversions are correct. All these
functionalities aren’t complex but adding the functionality for all relevant elements in the HVAC domain and in
the other domains that bim2sim supports without defining a clean, unify and easy to extendible structure would
result in non-maintainable code.
3.4. Processing and Simplification
3.4.1. Graph Network Generation

To analyze and simplify the hydraulic circuits the created meta-classes and the related HVAC-Ports are con-
verted into a network graph. Network graphs offer the potential to use existing graph algorithms to perform
efficient analysis against the hydraulic circuit. bim2sim uses two graphs, the PortGraph and the ElementsGraph.
The PortGraph uses every HVACPort as a node and the edges between the nodes mark the fluid flow be-
tween the ports. In the ElementsGraph no ports are used, but the elements like a Boiler are the nodes. The
ElementsGraph graph is an abstraction of the PortGraph and is mostly use for visualization. The PortGraph is
used for most analysis, because it offers information how ports of the same element are connected to each
other. This is important as for example a heatpump has four ports, but only two of them are connected with
each other in pairs (evaporator and condenser side). bim2sim uses the Python package NetworkX [19] to
create network graphs and analyze them.



3.4.2. Aggregations

The concept of Aggregations is used in the HVAC part of bim2sim to simplify the hydraulic circuit and reduce
the numbers of elements to export to the ones relevant for the simulation. This is needed as an export of
every meta-class instance created based on the IFC directly to a Modelica instance would result in an in-
feasible or at least very slow system of equations in Modelica. The simplest example of an Aggregation is
the PipeStrand, which aggregates chains of contiguous connected meta-class elements without junctions to
a single PipeStrand with an equal total length ltotal =

∑n
i=1 li and equal diameter dm =

∑n
i=1 li · di/lges. The

equivalent parameters are calculated to obtain a simulation model with an equal pressure drop and heat loss.
A special case of a PipeStrand are coils used for thermal activated building structures, like underfloor heating
or concrete core activation. These are specified through the density of pipes (length and number of elements)
in a certain area, the distance between the center lines of the pipes.
Using the network graph allows using existing analyze algorithms and classifications. For example, the chain
of connected elements can be determined using the degree of the nodes of the graph. The degree of a node
is defined as dG(v ) and is calculated based on the number of connections a node has. To find the chain of
connected instances without junctions only nodes with a degree of dG(v ) = [1; 2] are taken into account which
are of the type Pipe or PipeFitting or Valve.
bim2sim also includes more advanced aggregations, two of them will be explained in more detail below, the
aggregation of parallel pumps and generator cycles. In practice, parallel circuits consisting of several identical
pumps are often used in large hydraulic networks for better scalability. In this way, only the required number of
pumps can be switched on, depending on the load. For simulation, these parallel circuits can be converted into
a single component to reduce the number of equations of the system of equations to be solved and thus the
complexity and simulation time of the corresponding model. In 5, the graph network of an example system is
shown, which consists of four pumps in the initial state (a), where one of the pumps has a lower power (purple)
and three pumps have an identical power (red). There is also a bypass connected in parallel with the four
pumps (green).
The algorithm developed allows both a grouping that groups only parallel pumps of the same power and the
option to group all parallel pumps. In addition, the an AggregatedPipeFitting is also needed, since other
connections at the nodes, such as the bypass shown here, should be kept. The result for the case where
only pumps of the same power are aggregated is shown in (b), and in addition to the successful aggregation,
it also shows that the bypass (green) is still present and the pump with a different power (purple) was not
included in the aggregation. The rest of the graph network remains untouched, since only the aggregation for
ParallelPumps was performed.
Besides just reducing the elements to be represented later in the simulation model, all relevant information is
converted into semantic data. In the case of the aggregation ParallelPump, these are in particular the total
power of the pumps, the combined nominal volume flow as well as the total length and the average diameter
of the adjacent pipelines, which are relevant for the pressure loss.
The aggregation Generators is relevant because generator circuits consist of many individual components,
most of which have no meaning for the simulation or at least do not need to be represented as individual
components.
Figure 6 shows the original state of an example in (a). The example consists of a generator circuit with boiler
(red), pump (blue), a bypass with valve (green), an expansion tank (purple), and some other pipe elements.
The generator circuit is connected to a distributor (gray), to which four other pipe strands are connected, which
represent a simplified consumer.
In (b) the result of the aggregation is shown. The simplified consumer circuit with the four pipe elements re-
mains unchanged. However, the generator circuit can be aggregated into a single component, the GeneratorOneFluid.
This component contains the information about the type and power of the generator, whether there is a sepa-
rate pump in the circuit, what the power of this pump is, and the information about an existing bypass. Since
the expansion tank is not relevant to the simulation, this information is not tracked further. The algorithm can be
applied to parallel generators beyond the example shown. In this case, the parallel generators are converted
into one generator that provides the total power.
There are limitations in terms of generator types. So far, only algorithms for generators with one external fluid
circuit, such as boilers and Combined Heat and Power (CHP), have been included. Generator aggregation for
generators with multiple circuits, such as a heat pump, has not yet been created, since mapping a heat pump
in the IFC schema is currently only possible with workarounds.



(a) Before Aggregation (b) After Aggregation

Figure 5: Graph of meta-class elements for ParallelPump Aggregation

3.5. Exporting to Modelica
3.5.1. Export Libraries

The simplified hydraulic network of the meta-class elements must now be translated into Modelica models
in the next step. As introduced before, we implemented a Plugin system to allow multiple tools and libraries
to take advantage and reuse the concepts that we built with bim2sim. Each Plugin that uses Modelica can
build its own export for the used library by creating Python classes that inherit from the base instance. In the
current version, bim2sim holds two Plugins for Modelica HVAC export: AixLib and HKESim. AixLib is an open
source Modelica library that holds simulation models for HVAC simulation as well as BPS and is based on the
IBPSA core library [20]. HKESim is a non-public library used by the ROM Technik company, who significantly
contributed to the creation of bim2sim. Its focus is on HVAC simulation. Additionally, some basic components
are implemented for the Modelica Standard Library (MSL).
Every bim2sim Modelica export class holds information about the path to the Modelica model it is exported to,
the bim2sim instance it represents and the parameters that should be requested before exporting the model.
The most basic definition of an export model is as follows:

class StaticPipe(StandardLibrary):
path = "Modelica.Fluid.Pipes.StaticPipe"
represents = [hvac.Pipe, hvac.PipeFitting, aggregation.PipeStrand]

def request_params(self):
self.request_param("length", self.check_length)
self.request_param("diameter", self.check_diameter)

The self.check_length and self.check_diamter are optional functions to define, to implement plausibility
checks against the parameters. Additional functions might but must not be implemented for a basic export.
Table 2 shows the current status of which models are used regarding the libraries.
Not all meta-classes have a Modelica export yet in all libraries, but more export models are currently under
development. Furthermore, based on the modular structure, other libraries can be easily added.
3.5.2. Base export instance

To continue the modularity of the built workflow, the export is based on a class structure that can be easily
extended. To ensure modularity, we implemented a base class for a Modelica export instance that contains the
all relevant functionality and can be extended by any Modelica instance, regardless of which library it is used
in.
Translate Python into Modelica parameters
Python and Modelica both hold the logic for different types of parameters, like boolean, arrays, lists, integers



(a) Before Aggregation (b) After Aggregation

Figure 6: Graph of meta-class elements for Generator Aggregation

and floats with unit. To keep extensibility simple, the conversion from Python to Modelica is defined in the base
class. The conversion thus subsequently runs in the background and no longer needs to be taken into account
when extending a library with new models.
Unit conversion As mentioned, we use the package Pint inside Python to obtain and maintain the correct
units from the IFC file. To ensure that no conversion errors occur, the output unit for the Modelica model can
be defined. By default, the values obtained from IFC are always converted to SI units during export.
Numerical validation checks These checks allow the definition of value ranges within which individual values
may lie. This way, it should be prevented that unphysical values get into the model.
Keep track of corresponding IFC element(s) For traceability between IFC model and Modelica simulation
model, each Modelica component is assigned the GUID of the corresponding IFC object as a parameter.
Parameter request system As written before, not all parameters relevant for the simulation can be extracted
from the BIM model for various reasons. Nevertheless, it should be ensured at the time of export that all
parameters relevant for the simulation model are available or at least have been requested. At the same time,
the number of user inputs should be minimized. To achieve this, only those decisions are queried during
the process whose result is needed immediately. An example of this would be the decision of what type an
IFC element has if the IFC class is not uniquely defined (e.g. when using IfcBuildingElementProxy ). Such
a decision must be made directly, because it has an impact on the further process. Information that is only
required for the final simulation model export will only be executed during export.
This avoids in many cases that parameters, which are no longer relevant for the exported model, are queried.
For example, the parameter for the volume of a storage, which is identified during the process as a pressure
equalizing vessel that is not relevant for the simulation model. If a user decision is skipped, or a parameter fails
the final numerical validity check, that parameter is noted as unknown in the exported model. Thus, it can be
directly recognized in the model which parameters have to be reworked.
Translate port logic The AixLib and HKESim as well as the MSL use the FluidPorts of the MSL to connect
instances with each other. The definition inside Modelica is that Port_a is the incoming port of a Model and
Port_b is the outgoing port. The HVACPort of the meta-class system and the simplified graph network hold the
needed information to connect the respective Modelica instances with each other during export.
3.5.3. Usage of modules

Table 2 already included the GeneratorOneFluidModule and ConsumerHeatingDistributorModule. Equivalent
to the aggregations used in the simplification of the graph network, new module-based models for the AixLib
and HKESim libraries are currently implemented for export. These modules are pre-configured combinations
of already existing components of the library, which reduce the needed number of parameters to minimum.
These modules also contain basic control strategies, which allows the export of almost ready to run simulation
models. The basic control strategies however can easily be overwritten by user defined control strategies which
can be connected to the BUS connectors of the modules. For AixLib we already implemented a boiler module



Table 2: Current state of bim2sim Modelica export to different libraries.

Meta-class AixLib HKESim MSL

Boiler X X
GeneratorOneFluidModule X X
HeatPump X
Chiller X
CHP X

Storage X
Pump X X
Valve X
ThreeWayValve X X
Pipe X
PipeFitting X
Junction X X X
Distributor X X

Radiator X X
Consumer X
ConsumerHeatingDistributorModule X X

and a consumer module which can be found on GitHub1. HKESim won’t be discussed because it’s an in-house
library and not public available.
3.5.4. Export process

The conversion into Modelica models is performed based on a dynamic Mako template [21]. This template is
filled based on the instances and their parameters and connections that are gathered through the previously
discussed concepts. During the export, required, but missing parameter trigger decisions to the user. If these
decisions are skipped, the parameters will be left empty in the exported simulation model, but a red annotation
will be placed on the top level of the model, that gives feedback which parameters are missing. Additionally,
the export tries to arrange the Modelica instances in a useful pattern, based on the position information from
the IFC.

4. Proof of Concept
To prove the functionality of the developed tool, we have created an example use case in cooperation with the
software manufacturer LuArtX. This is shown in figure 7 as schematic drawing (a) and screenshot of the IFC
model (b).

Boiler
75 kW

Radiator
15 kW

Radiator
10 kW10 kW

Radiator
10 kW

Radiator
10 kW

Radiator
10 kW

Radiator
10 kW

Radiator

(a) Schematic drawing (b) IFC model

Figure 7: Use case example

The use case consists on the generation side of a boiler for heat generation, a pump, a three-way valve and
a bypass for return flow boosting. The consumer side has a distributor, two consumer strands with several

1https://github.com/RWTH-EBC/AixLib/tree/issue1147_ConsumerAndBoiler

https://github.com/RWTH-EBC/AixLib/tree/issue1147_ConsumerAndBoiler


radiators as consumers, of which six radiators are connected in parallel. Each consumer strand has a pump
and a valve. One of the consumer strands is an open end and one has a bypass for flow temperature control.
The software manufacturer LuArtX improved their CAD software CARF throughout the creation to implement
correct export for IfcPorts.
Since the creation of Modelica models based on plans or 3D models is a common task at the industry partner,
both a manual model creation and a partially automated creation by bim2sim were performed to demonstrate
the potential of the developed tool. The two model exports, both using the in-house library of the industry
partner, are shown in figure 8

(a) Manual created model (b) Automatic created model with bim2sim

Figure 8: Exported Modelica HKESim models

It took a Modelica expert from the industry partner 2 hours and 33 minutes (153 minutes) to manually create
the model. This includes the understanding of the energy system based on the BIM model, the parameter
gathering and entering, modeling in Modelica including connections and sensors, creating usage profiles and
removing any errors. Creating the simulation model with bim2sim took 6 minutes, including adding the missing
parameters and demand profiles. This results in a time saving of 95 %.

5. Conclusion
In this paper, the authors presented a brief review of existing approaches in the field of simulation model
generation for the HVAC domain based on digital planing data in the form of BIM models. Based on the
discovered gap of public available tools which are able to create Modelica simulation models based on non-
perfect BIM data in form of IFC, the bim2sim tool, and it’s application for the HVAC domain were introduced. The
core of bim2sim is the Python library with the same. This includes methods easy extendible methods based
on orientated programming to convert IFC data into Modelica simulation models. The underlying methodology
was explained, and the tool was applied to an example use case to prove the concept. The example showed
that even for comparatively simple systems, a significant amount of time can be saved.
Currently, the embedded methods are focussed on hydraulic systems. In the future, the authors plan to extend
the functionality to duct systems to simulate ventilation as well. Also, the presented use case covered only a
small example system. The next step will be bigger systems with multiple generation devices for heating and
cooling.
This paper only gives an overview about the functionality and methodology of bim2sim. For more information,
the authors refer to the GitHub2 repository, where documentation and the presented example use case can be
found.
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Abstract:
District heating networks have proven their higher conversion efficiency, economic viability and environmental
benefits when compared to decentralized and individual heating systems. These benefits are achieved through
the ability to incorporate a wide variety of production means, including renewable intermittent sources but also
via the use of short-term and/or inter-seasonal storage.
Due to the numerous interactions between these components, their different dynamic aspects and operating
constraints, physical simulations are computationally heavy so that running optimization tasks become pro-
hibitively expensive and time consuming. Therefore, new control optimization schemes need to be drawn up
to accelerate the predictive control and to facilitate the decision-making process.
In the present work, we assess the application of geometric deep learning as a surrogate modeling framework
for district heating simulations. Beyond processing non-Euclidian data, this deep learning approach aims to
encode geometric and topological understandings of data as inductive biases in deep learning models. More
precisely we trained Graph Neural Networks to emulate a thermo-hydraulic simulator of district heating net-
work. This statistical inference method allows us to drastically reduce simulation time, hence unlocking further
optimization loops and parametric space exploration. In addition, their permutation equivariance and stabil-
ity to perturbations are assessed to discuss their scalability to more complex network topologies and control
schemes.

Keywords:
District heating networks simulation, graph neural networks, transient dynamics.

Nomenclature

Letter symbols

c specific heat, J/(kgK)

T temperature, K

ṁ mass flow rate, kg/s

N number of nodes

Nb number of branches

M incidence matrix, ∈ RN×Nb

KS area independent heat transfer coeffi-
cient of pipe, W/K

V volume of the fluid contained in the con-
trol volume, m3

Fω inference function

Greek symbols

γ, ϕ differentiable functions

ω learnable parameters (weights) of infer-
ence function

σ non-linear activation function

Subscripts and superscripts

i node i

l at layer l

t time-step or learning step

s relative to soil

b relative to branches

ext relative to exterior



1. Introduction
Anthropic activities have increased net greenhouse gas emissions since 2010 in all major sectors (industry,
energy, transport, agriculture, construction). A study by IPCC Group III [1] investigated ways to mitigate cli-
mate change and reduce greenhouse gas emissions. According to their report, switching from fossil fuels to
low-carbon energies is essential to limit climate change. In Europe, the production of heat and cold represents
half of the energy consumption and is mainly based on fossil fuels [2]. Since the last century, district heating
networks (DHN) have been deployed mainly due to their economical and efficiency benefits. For example, hav-
ing a joint production process, a higher conversion rate and less maintenance allows to decrease the operating
and maintenance costs. Moreover, DHN are well suited for areas of mixed use with strong anchor clients [3]. In
recent years, due to the rapid development of renewable energy technologies, the 4th generation of DHN have
been identified as a viable option to decarbonize the heat production sector [4, 5]. First, they operate at lower
temperatures, hence reducing heat losses and increasing the efficiency of conversion systems. They also
take advantage of various heat sources including renewable and recycled ones such as biomass, geothermal,
solar thermal, and waste heat. Finally, coupling these sources with thermal energy storage (TES) and optimal
control should allow a better peak management. However, the use of TES and various heat sources, some of
which are intermittent, adds a new complexity to the system including the stochastic character of some vari-
ables such as resources availability, weather conditions and electricity price, which therefore implicitly integrate
a predictive character in the control and optimization methods of these systems.
In order to successfully operate these advanced thermal networks, an intelligent control strategy is required.
A detailed review on control strategies for DHN can be found in [6]. This study shows that the current ten-
dency is to use hybrid control schemes based on multi-agent systems and model predictive control (MPC).
This method falls in two parts: first, solving an operational optimization centrally i.e. energy planning, and then
it is distributed to other decentralized agents related to consumers and the different producers connected to
the network. This strategy involves the simulation of the dynamic behavior of the considered DHN. In fact, the
controller needs to understand and predict the behavior of the system and its response to various scenarios
of control variables which requires multiple simulations over variable large time horizons. To accomplish this,
accurate models of the network’s different components and their interactions are required. Several studies
have been carried out to develop numerical models of DHN [7–11]. They can be classified in two main cate-
gories: dynamic and pseudo-dynamic models. The latter approach considers only the thermal transient and
assumes instantaneous hydraulic changes as fluid dynamic perturbations (i.e. pressure variations) are quickly
transferred to the whole network, about 1000 times faster than temperature variations [8]. More importantly,
when considering intermittent heat sources like solar thermal, it is crucial to use an adapted small time-step for
the simulations. Consequently, this makes running iterative optimization methods computationally heavy and
time consuming.
One solution to overcome this limitation is the formulation of a numerically efficient and stable surrogate model
of DHN simulations. There are several surrogate modeling approaches [12] such as reduced order models,
Gaussian kriging, radial basis functions, etc. But lately and due to extensive research and advances in com-
puting technologies, different studies investigated the application of machine learning algorithms as surrogate
models for different engineering systems including energy conversion and distribution processes [13–17]. For
example, the study in [16] consisted on training a graph neural network to approximate the optimal solution of
power flow optimization problem for electric grids. The results showed that the surrogate model is 105 faster
than the interior point optimization method and it exhibits much better scalability to larger networks. A tutorial
review on using neural network for MPC is given in [17]. More specifically, it highlights the use of recurrent
neural networks (RNN) to predict the state of the process model. The authors applied this approach to drive the
reactants concentration of a non-isothermal continuous stirred-tank reactor (CSTR) to the optimal steady-state
point by controlling heating rate and inlet concentration. It was found that the physics based RNN-MPC system
converges faster and requires less computational time.
In the field of DHN design optimization and control, machine learning was applied at two different levels. The
first one focuses on predicting the thermal load [18, 19] and the second, more recent, on applying deep rein-
forcement learning to train autonomous agents to optimal DHN operation [20]. However, to the best author’s
knowledge, no attempt to formulate a surrogate model of DHN simulation using machine learning have been
made. Therefore the primary contributions of this work are as follows:

• A flexible physical pseudo-dynamic simulator of district heating network has been developed based on
graph theory.

• To the best author’s knowledge, this is the first attempt to apply GNN as surrogate model for physical
district heating network transients.

• This approach is validated through the prediction of district heating network behavior as the temperatures
evolution in each node of the network.

• Using this framework allows to significantly reduce simulation time from hours to seconds, ∼ 104 faster.



This opens the possibility to further develop quasi instantaneous optimal control schemes.

The remaining of the paper is organised as follows: Section 2. describes the physical model that has been
developed to simulate transient dynamics in DHN. Section 3. briefly introduces fundamentals of machine
learning with a focus on GNN and the final architecture of our surrogate model. Then, section 4. presents
the application case that was chosen to evaluate our approach. Finally, the results, limitations and future
developments are presented in section 5.

2. Physical model
The physical model that has been developed is intended to serve as a data generator for DHN simulations
similarly to what has been done on the electrical network side with the MATPOWER test cases project [21].
The choice of pseudo-dynamic resolution is justified as the time-step of DHN simulations is generally around
one hour and recently minutes with the development of IoT sensors. The hydraulic changes are in fact quick
and are transferred to the whole network in a period of time of seconds.
The model has been developed in Python language. We used TESPy (Thermal Engineering Systems in Python)
package [22], an open-source physical solver previously validated on different use cases [23–25]. To simu-
late steady and transient dynamics of DHN, a customised code layer has been built upon this physical solver.
Mainly, the first step consisted on defining the topology of the network using graph theory, then physical prop-
erties were assigned to each component in order to run the simulations.
2.1. Graph representation
The topology of each DHN is defined using graph theory. Let G = (V,E) be a graph with a set of N nodes V
and a set of Nb edges E. Physically, the edges are the pipes of the network, while the nodes can be either
consumers, producers or distribution/control valves. As the flow direction is an important variable, DHN are
represented as directed graphs. Therefore, the simulator needs two variables to completely define the DHN.
The first is the oriented incidence matrix M ∈ RN×Nb , which has a row for each node i and a column for each
edge j such as mij = 1 if edge j enters the vertex i, mij = −1 if the edge leaves the node and mij = 0 if the
two elements are not connected. The second variable is the nodes vector V0 ∈ RN that defines the type of
each node with regard to a predefined set of supported node types schematized in Fig.1.
Currently, the consumer nodes are considered to be heat sinks without modeling the sub-station part, producer
nodes can be one of the heat sources implemented at this time: gas boiler, biomass boiler and solar thermal
collectors. Finally, two types of distribution valves are modeled, 3 ways valves and cascading consumers valve.
The next step is to assign the suitable physical characteristics to each component. The methodology and the
physical models implemented are detailed in appendix A.

(a) producer node (b) consumer node

(c) 3-ways valve (d) cascading valve

Figure 1: The components of each node type supported by the physical simulator

2.2. Numerical methods
Following the graph representation of DHN, the simulator solves the corresponding thermo-hydraulic equa-
tions based on the pseudo-dynamic regime assumption. Via a control volume approach, simulating transient
dynamics of DHN yields to the following equations for the hydraulic part (see [9]):

M ·G+Gext = 0, (1)



M⊺ · P = R ·G−W. (2)

In Eq.1, G ∈ RNb is the vector containing the flow of each branch, Gext ∈ RN the vector containing the
extractions or injections of flows that occur at the nodes.
In Eq.2 R ∈ RNb×Nb is a diagonal matrix containing the hydraulic resistance of each pipe, W ∈ RNb contains
the pressure increases due to the work of the pumps and P ∈ RN the vector containing the values of the
total pressure in each node. It should be noted that equations 1 and 2 form a non-linear system given that R
depends on G. This system is solved using Newton-Raphson algorithm, G and P being the unknowns of the
system.
After the steady hydraulic regime is solved, i.e. the pressure and mass flow rate in each node are known, the
thermal transient regime is obtained by following the direction of flow in the network and considering each pipe
as a control volume with the outlet temperature as unknown (Fig.8a):

ρcpVj
dTi

dt
= cpGj (Ti−1 − Ti)−KSj

(
Ti−1 + Ti

2
− Ts

)
(3)

In case of more than one pipe entering a node i, the temperature of this node is calculated considering a
perfect mixture assumption. The heat losses are calculated considering the average temperature of each pipe,
this assumption is generally applied in numerical models considering that the temperature drops very slightly
along a single pipe segment between two nodes [27]. Formulating Eq.3 for the whole network leads to a linear
system that is solved using Euler implicit scheme.

3. Surrogate model
In this section we introduce the surrogate model (SM) architecture that was used for our imitation learning
problem. The output of the model can be any variable of interest, but without loss of generality, in this work
the SM is trained to predict the evolution of the return temperature at each node given the network topology,
its physical characteristics, heat demand and a set of control laws.
3.1. Supervised learning
The aim is to train the SM to emulate the thermo-hydraulic simulator of a DHN. More precisely, let X be the
set of inputs given to the physical model and Y the outputs through the physical equations detailed in section
2.2. The SM takes the same inputs and imitate the physical simulator by constructing an inference function Fω

such that Yω = Fω (X) where ω is a vector of parameters, called weights, that are adjusted during the training
step to minimize a specific loss function Lω (i.e. residual function), for example the L2 norm (i.e. Euclidean
norm) Lω = ∥Yω − Y ∥2.
This is known as a supervised learning problem since we have both the input and output data, unlike unsu-
pervised learning where the goal of the model is to find patterns in the input data to classify them for example.
More schematically, the learning process corresponds to an optimization loop where the weights of the model
are corrected iteratively in order to reach a global minimum of the loss function as illustrated in Fig.2. The fig-
ure also introduces the first hyper-parameter of the SM: the learning rate α which modulates the convergence
speed of the model.

Figure 2: Supervised learning loop of a surrogate model



3.2. Multi-Layer perception networks
The task of constructing the inference function Fω is an active research area in machine learning. However,
deep learning is a particular sub-domain of machine learning where extensive developments are being made
continuously. This framework is mainly based on artificial neural networks (ANN) as the learning structure.
The simplest ANN is called Multi-Layer Perceptron (MLP) which consists of interconnected layers of artificial
neurons, named perceptrons. The neurons in each layer are connected to the neurons in the next layer, forming
a directed acyclic graph. Each neuron receives inputs from the neurons in the previous layer, applies a linear
transformation to the inputs, and passes the result through a non-linear activation function. The output of a
neuron i in layer l is computed as follows:

x
(l+1)
i = σ

 nl∑
j=1

w
(l+1)
ij x

(l)
j + b

(l+1)
i

 , (4)

where x
(l+1)
j is the output of neuron j in the previous layer, w(l+1)

ij is the weight of the connection from neuron

j in layer (l) to neuron i in layer (l + 1), b
(l+1)
i is the bias of neuron i in layer (l + 1), nl is the number

of neurons in layer (l) and σ is a non-linear activation function, for example the rectified linear unit function
ReLU(t) = max(0, t). Intuitevely, the activation function either allows the neurons to communicate its output to
the next one (i.e. activated) or not when the output does not meet the activation criterion.
Finally, the output of the MLP is the output of the last layer of neurons ŷ = x(L). Where ŷ is the predicted
output, and L is the number of layers in the MLP.
3.3. Graph neural networks
Message passing operation

GNN are a class of neural networks designed to operate on data represented as graphs. GNN aim to learn
representations of nodes or the entire graph, which can be used for various tasks such as node classification,
node regression, link prediction, etc. The key idea behind GNNs is to iteratively update the representation of
each node by aggregating information from its neighboring nodes. This is done by passing messages between
nodes using a set of learnable parameters. The message passing operation can be formulated as in [28]:

x
(l+1)
i = γω

x
(l)
i ,

⊕
j∈N (i)

ϕω

(
x
(l)
i ,x

(l)
j , e

(l)
j,i

) , (5)

where x
(l)
i is the representation of node i at layer l,

⊕
a differentiable permutation invariant function (sum,

mean, etc.) and N (i) is the set of neighboring nodes of node i. Finally, γω and ϕω are differentiable functions
with learnable weights ω such as MLPs defined in section 3.2. ej,i is the edge representation connecting node
j to node i.
In each layer of a GNN, the representations of all nodes are updated using the message passing operation,
resulting in a new set of node representations at the next layer. This process is repeated for multiple layers,
allowing the GNN to capture increasingly complex dependencies between nodes. X(l) = [x1, . . . xN ]

⊺ is the
matrix containing the updated representations of the nodes at layer l. If the GNN has L layers, then one has
X(0) = X i.e. the initial inputs of the model and X(L) = Yω i.e. the final outputs. For a more guided and
detailed presentation on GNN, see [28–30].
Graph attention networks

Graph Attention Networks (GATs) are a type of GNN that uses attention mechanisms to selectively aggregate
information from neighboring nodes [31]. The attention mechanism allows GATs to learn different weights for
different neighbors of each node, depending on their relevance to the prediction task. Following the definition
in Eq.5, the graph attention operation is written as:

x
(l+1)
i = σ

αi,iWx
(l)
i +

∑
j∈N (i)

αi,jWx
(l)
j

 , (6)

where αi,j is the attention coefficient for each neighbor j of node i and σ a non-linear activation function. In a
GAT, the representation of each node i at layer l is computed as a weighted sum of its neighbors’ represen-
tations, where the weights are learned using an attention mechanism [31]. The interest of this method here is
that physically, nodes in a DHN are first impacted by their upstream neighboring node along the direction of
flow, and then by the other nodes in a lesser degree.



4. Study case
4.1. Model architecture
The inference problem shown in Fig.2 involves the use of heterogeneous inputs. Here we will distinguish them
according to their static or dynamic character and then according to whether these data are local or global, in
other terms whether they are defined at nodes and edges levels or at graph level. First, let H be the horizon of
prediction of the SM and ∆t the time-step such that H = p×∆t and p the number of data points. We define:

• Static nodes attributes: here we simply map the node type to a predefined scalar {producers = 0, valves =
0.5, consumers = 1}. This input will be noted Xs ∈ RN

• Static edges attributes: as each edge represents a pipe, the attributes are the pipe length L, inner
diameter D and its equivalent thermal resistance KS. Subsequently, this variable is noted Es ∈ RNb×3.

• Dynamic nodes attributes: it consists of a matrix containing the evolution of heat demand at each node
that will be noted Xd ∈ RN×p. For distribution valves and producers, the heat demand is computed as
the sum of the heat load at their children nodes.

• Global dynamic attributes: this input includes the control signals that affect the whole network, in our
case these will be the evolution of the supply temperature Ts ∈ Rp and total mass flow rate Gtot ∈ Rp.
This input also holds the evolution of the external temperature along the prediction horizon Text ∈ Rp.

The network topology is implicitly included during the learning phase via the adjacency list that is used by the
graph attention operation in order to select the neighbors of each node. Following the above definitions, the
SM architecture is in the form of an encoder-processor-decoder as shown in Fig.3. The encoder consists of
two MLPs that transform the input data and project it into a latent space where each node is assigned two
hidden vectors representing respectively its local attributes (heat demand) and also information from global
variables updated with neighbors representations using three graph multi-head attention layers. The processor
parts consists on transforming the node hidden representations using three multi-headed attention operations,
found to be more efficient than single headed attention in [31]. Finally the decoder is composed of two linear
layers that maps the nodes representation to the output space. The model was implement using Pytorch

geometric library [33].

Figure 3: Surrogate model encoder-processor-decoder architecture

4.2. Data generation
In order to assess our approach, we chose to apply it on the academic study case modeled in [32]. This choice
is based on the availability of data needed by the physical simulator. The site includes buildings of different
usage profiles as shown in Fig.4 where the number under each node indicates its index. Given the annual
heat load for each consumer and a typical external temperature variation, we generate an hourly consumption
profile for each building using the geometric series approach implemented in demandlib library [34], a Python
package that allows to create heat profiles from annual values. The supply temperature Ts depends on the
outside temperature according to the adapted water law from [35]. For the total flow rate Gtot, it is determined



by energy balance over the entire network. The network operation is then simulated for one year with a time
step ∆t = 600s. The simulation time is equal to tsim,4c = 182.1min using a four cores CPU processor, which is
equivalent to tsim,1c = 636.2min of single core CPU time.
The outputs are time series of 8760 × 6 = 52560 data points for each node, representing the evolution of
temperatures. Then, we split the data into two datasets, 75% for training and 25% for validation. The horizon of
prediction defined in section 4.1. is set to 1 week = 7× 24× 6 = 1008 data points. Thus 39 weeks are used for
training and 13 for the validation. Typical values were used for the model hyper-parameters:

• The learning rate α is set to α0 = 1 · 10−3 with an exponential decay factor of k = 5 · 10−4, meaning
that α = α0 × e−kt where t is the epoch number. Therefore, the learning rate is reduced as the training
advances which slows down the gradient descent as the loss function approaches its minimum.

• The batch size is the number of samples processed before the model is updated. Here it is set to 8, a
compromise between the volume of available data and a large batch size.

• The number of epochs is the number of complete passes through the training dataset. In our case, the
model was trained over 200 epochs.

• Finally, L2 norm was used as the loss function.

Figure 4: DHN topology of the study case adapted from [32]

5. Results and discussion
After the training phase, the model has been tested on the validation dataset. The root mean squared error
(RMSE) is used to evaluate the model performances. It can be seen from table 1 that the error stays below
0.7K for all nodes. Moreover, we report a more visual plot in Fig.5a & 5b for predictions of the node 9,
which is an administration building, and the furthest consumer node from the central heating plant. Also, the
predictions for node 13, which is a different consumer type, are given in Fig.5c & 5d. More precisely, we plot
the normalized temperature (Eq.7), this scaled variable is inherent to the the SM training that fits better with
normalized variables (both inputs and outputs) which helps to stabilize the gradient descent step.

T ∗ =
T − Tmin

Tmax − Tmin
, (7)

It can be seen that the prediction results are very close to the values obtained from the physical simulation.

Table 1: RMSE for return temperatures prediction on validation dataset

node 0 1 2 3 4 5 6 7 8 9 10 11 12 13
RMSE (K) 0.5 0.3 0.7 0.2 0.3 0.3 0.5 0.3 0.2 0.1 0.1 0.1 0.1 0.1

The biggest deviations are found at the peaks where the SM underestimates the minimum temperature values
and slightly overestimates the maximum values. We also added the Pearson correlation coefficient r that is
equal to 0.84 in this case, reflecting a good correlation. The inference time is equal to tinference = 0.15s against
tsim,4c = 2700s for the physical simulation on the validation dataset which accounts for approximately 1.8× 104

time gain.



The regularity observed in the return temperature is the direct effect of the heat profile of the consumer and
also the small impact of the control variables that vary quite moderately. Additionally, the same results are
shown for node 4 in Figs.5e & 5f. In this case, we observe that the trend is not perfectly fitted while the SM
still captures the peak values. Given the scales on both figures, the error, RMSE = 0.3K is still small and
acceptable. However, this overestimation of temperature will impact the energy balance on the graph level.
This indicates a lack of physical representation in the SM parameters.

(a) Temperature prediction over 1 week for
node 9

(b) Predicted values as a function of ground
truth values for node 9

(c) Temperature prediction over 1 week for node
13

(d) Predicted values as a function of ground truth
values for node 13

(e) Temperature prediction over 1 week for
node 4

(f) Predicted values as a function of ground truth
values for node 4

Figure 5: Example of predictions for nodes 4 (valve), 9 (administration building) and 13 (hotel)

In order to test further the model adaptability and its sensitivity to control laws, we tested it with new simulations
where the supply temperature curve and the total mass flow rate were changed more often. Physically, this
implied that the return temperature at each node was more affected by the control variables than the heat load
itself. The model was not able to capture the correct patterns as illustrated in Fig.6. This limitation originates
from an imbalance between the two encoding blocks where the local MLP seems to affects more the prediction.
One way of adressing this problem is to incorporate physical laws during the learning phase. More precisely,
it is possible to add physical constraints on the predicted values as part of the loss function, in our case this



could be the mass and energy conservation equations that have to be verified at each iteration. Another line
of exploration is to use recurrent neural networks such as Gated Recurrent Units (GRU) or Long-Short Term
Memory (LSTM) cells that better incorporate the notion of temporality and time dependence into the inference
function. Finally, another option is to train the model on more data and different network structures which will
allow the SM to better emulates the physical behaviour of DHN.

Figure 6: Example of prediction for node 13 (hotel) with a different control law

6. Conclusion
To conclude, the use of geometric deep learning as a surrogate modeling framework for district heating simula-
tions has been evaluated in this study and offers promising results. By leveraging the ability of this approach to
process non-Euclidean data and incorporate geometric and topological understandings of data into deep learn-
ing models as inductive biases, Graph Neural Networks were trained to emulate a thermo-hydraulic simulator
of a district heating network. This statistical inference method has enabled us to significantly reduce simulation
time by 104 orders of magnitude. Nevertheless, this approach was inadequate to properly capture the physical
relations when the control laws are sharper. Therefore, we are currently working on incorporating physical
constraints in the surrogate model to alleviate this limitation along with using recurrent structure to leverage
more the time dependencies of the data. These improvements will be the subject of a future publication.
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Appendix A Adding physical inputs to the simulator

(a) pipe cross section (b) buried pipe

Figure 7: Schematic diagram of an insulated pipe [26]

Once the network topology defined, the physical properties of each component are fed to the model:

• Branches: the oriented incidence matrix M allows to create connections between nodes. Each edge
corresponds to two pipes, the feeding pipe and the return one. We implement two layers insulated pipes
as in [26]. Therefore, all the geometrical quantities (L, r1, r2, Zb . . . ) shown in Fig.7 are inputs to the
model, in addition to thermal conductivities k and roughness ϵ for determining pressure loss in the pipes.

• Producers: here, the inputs to the model vary depending on the heat source type. As the study case in
section 4. considers only gas boiler, the required inputs are Q̇max which is the maximum heat rate of the
plant, pr the outlet/inlet pressure, and the isentropic ηs efficiency of the pump coupled to heat source.

• Valves: a quasi-incompressible fluid is assumed, which is always the case for liquids. The fluid flow
between the inlet and the outlet of the valve is assumed to be isenthalpic. The flow rate is governed by
the equation 8 derived from Bernoulli’s law. Kν is the required input by the model.

V̇ = Kν

√
∆P . (8)

• Consumers: similarly the outlet/inlet pressure ratio is needed, and the heat load can be either a scalar if
steady state resolution or a vector in the case dynamic simulation.

Finally, the model also needs global inputs that are the external and ground temperatures. The solver comes
with its proper verification tools that make sure the system is nor over or under determined. Depending on
the resolution scheme and the aim of the simulation, the unknowns of the system have to be chosen care-
fully. However, and without loss of generality, we will consider the particular case where the DHN is already
designed, the variables of our system are the supply temperature at the heat source Ts and the total mass flow
rate Gtot.

(a) control volume used in thermal transient
equation

(b) pipe temperature estimation adapted
from [27]

Figure 8: Control volume used in Eq.3 and illustration of the error induced by using the average temperature
to compute heat losses
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Abstract: 

Residential and commercial buildings account for more than one-third of global energy-related greenhouse 
gas emissions. Integrated multi-energy systems at the district level are a promising way to reduce green-
house gas emissions by exploiting economies of scale and synergies between energy sources. Planning 
district energy systems comes with many challenges in an ever-changing environment. Computational mod-
elling established itself as the state-of-the-art method for district energy system planning. Unfortunately, it is 
still cumbersome to combine standalone models to generate insights that surpass their original purpose. 
Ideally, planning processes could be solved by using modular tools that easily incorporate the variety of 
competing and complementing computational models. Our contribution is a vision for a collaborative devel-
opment and application platform for multi-energy system planning tools at the district level. We present chal-
lenges of district energy system planning identified in the literature and evaluate whether this platform can 
help to overcome these challenges. Further, we propose a toolkit that represents the core technical elements 
of the platform. Lastly, we discuss community management and its relevance for the success of projects with 
collaboration and knowledge sharing at their core. 

Keywords: 

Energy System Planning; District Energy Planning Platform; District Data Model; Renewable Energy 
Integration. 

1. Introduction 
In the effort to accelerate the transition towards climate neutral energy supply at the district scale, many tools 
exist that aim to solve individual parts of the district energy system planning process [1], from stochastic oc-
cupancy simulation [2, 3] and thermal building simulation [4] via building and district level energy technology 
sizing [5], to simulations of heat and electrical grids [6, 7]. It is the combination of numerous data sources 
and tools that is required to provide solutions to the heterogeneous tasks of energy system design. 

For each step of the planning process, research is published on how to improve predictions, models and 
simulations; new models and tools will continue to come. Therefore, whoever wishes to combine tools into a 
district energy system planning workflow needs to go through continuous efforts to keep up with newly de-
veloped tools, improved methods and updated data [8, 9]. The following paragraphs provide an overview of 
challenges, existing tools and platforms in the field of district energy system planning. 

Keirstead et al. [10] review urban energy system models and identify model complexity, data quality and un-
certainty, model integration, and policy relevance as the prevailing challenges in urban energy system mod-
elling. They see opportunities in creating an integrated framework where sensitivity analysis, data collection 
and integration techniques and activity-based modelling, promise advances in the aforementioned challeng-
es. Yazdanie et al. [11] review gaps and solutions for advancing urban energy system and modeling ap-
proaches. They state that numerous models and planning tools as well as review articles discussing their 
features exist, but the gaps and corresponding solution suggestions are rarely discussed. They identify key 
methodological solutions to be: integrated modeling approaches and comprehensive energy modelling sce-
narios including social factors and system imperfections and data collection using privacy control, robust and 
secure communication architecture and improved data sharing platforms. 

In between the two review articles, several tools and frameworks have been published, that attempt to solve 
some of the identified challenges. Bollinger et al. [8] introduce a Holistic Urban Energy Simulation Platform 
(HUES). They motivate the platform with the need to reuse and integrate existing computational models for 
urban multi-energy simulation for integrated studies of urban infrastructures. Multi-model ecology is the defin-
ing concept of their platform. Fonseca et al. [12] present the CityEnergyAnalyst, a framework for the analysis 
and optimization of city and district energy systems. It supports the analysis of energy, carbon and financial 
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benefits of competing design scenarios of optimal distributed generation systems by estimating local energy 
potentials and simulating energy systems and building energy performance. El Kontar et al. [13] present 
URBANopt, an open-source software development kit for community and urban district energy modelling. 
The developers argue that a wide variety of building modeling tools exist, but to address planning problems 
at an urban scale, these tools need to be combined, which motivates a platform where multiple input formats 
are supported and this data is mapped onto underlying simulation engines. The combination of modules al-
lows for customized workflows. Wehkamp et al. [14] analyze the challenges of planning and evaluating dis-
trict energy systems and present a workflow using open-source tools and special purpose models that were 
demonstrated on a district in northern Germany. The authors identify complex stakeholder structures as an 
issue requiring further research. 

Coming from this state of the literature, we provide a brief overview of the challenges faced in integrated dis-
trict energy system planning. We then present the components of the collaborative district energy system 
planning platform as a suitable starting point for further development. Due to the ever-changing landscape of 
tools under current and future development, we expect different tools to extend or replace the initial toolkit. 
Finally, we discuss how community management is a potential differentiator between failure and success for 
this vision. 

2. Problem setting 
District energy system planning is an interdisciplinary field where planning problems vary widely in terms of 
the scope to be considered. For clarity, we introduce the system boundaries of district energy systems 
(DES), which frame the challenges considered in this work. Related literature sometimes refers to urban en-
ergy systems (UES), which we consider to be a superset of DES. We address the considered scope of DES 
planning and the challenges associated with it. 

2.1. Considered scope of district energy system planning 

Several dimensions need to be considered when planning DES. DES planners have to take into account not 
only energy conversion, but also policy frameworks, stakeholder interests and business models [10]. Key 
issues to be addressed during planning include sector coupling, centralized versus decentralized energy 
supply, demand forecasting, building refurbishment and competing stakeholder interests. 

In DES, the energy consumption sectors (e.g. households, commerce, and mobility) as well as the energy 
supply sectors (e.g. electric power, heat and gas) co-exist. During the planning of energy systems, synergies 
can be leveraged by considering all sectors at once. Whether it is the use of waste heat from nearby industry 
or the integration of bi-directional e-mobility into a district power grid, successfully linking the consumption 
sectors requires the development of appropriate business models, which may be complicated by regulation. 
Coupling the energy sectors, especially heat and electricity, enables the efficient use of locally generated 
renewable energy. Therefore, both electricity and district heating networks are crucial for DES planning. 

Local energy generation (energy hubs) can play a central role in this [8]. Since conditions vary in each dis-
trict, various technologies (e.g. heat-pumps, photovoltaic, fuel cells) with different operating and investment 
costs and both decentralized (building supply) and centralized energy systems (energy hub) should be inves-
tigated. 

In order to be able to plan DES, the energy demand of the district must be known or determined. Since the 
available demand data is often incomplete, many methods to generate load profile data have been devel-
oped over the recent years [12]. The energy demand depends, among other influences, on building types, 
type of use, refurbishment status and user preferences [15]. For this reason, optimizing the refurbishment 
status of the buildings is another important research field and part of a holistic DES planning. 

Figure 1 illustrates the system boundaries of DES planning. A district usually consists of a heterogeneous 
building stock or newly planned buildings. As the type of use and the state of renovation have a strong 
influence on the energy demand, both are part of the system boundaries. The secure energy supply of the 
district is guaranteed by transmission networks. In the context of energy transition, heating networks play an 
increasingly important role, as does the consideration of e-mobility. 



 

Figure 1.  System boundaries of district energy system planning 

DES planning is largely influenced by political and institutional decisions. Whether an energy system or busi-
ness model is economically viable depends not only on technical and economic factors, but also on influ-
ences by government subsidies and the regulatory framework; such as carbon pricing or fees and taxes for 
the use of the electricity grid. Furthermore, many stakeholders are involved in the planning of district pro-
jects, such as investors, proprietors, residents, as well as district operators, e.g., residential real estate com-
panies or municipal utilities [14, 16]. In an optimal planning process, all these perspectives are taken into 
account. 

2.2. Challenges of district energy system planning 

The various dimensions (e.g. technical, economic and political dimension) of DES planning come with a wide 
range of challenges. In this section we selected important challenges from the literature and categorized 
them according to the dimensions of DES planning. Yazdanie et al. [11] reviewed over 30 review studies, 
over 90 local-scale case studies and 40 surveys and interviews to identify gaps and challenges in energy 
modeling. Keirstead et al. [10] reviewed 219 papers to analyze approaches, challenges and opportunities of 
urban energy system models. Wehkamp et al. [14] discussed challenges and tools for planning DES using a 
German district as a case study. Coming from this extensive collection of challenges in district energy sys-
tem planning, Table 1 contains clusters of these challenges including an assessment of whether they can be 
solved through our platform approach. The following paragraphs briefly discusses the most relevant chal-
lenges. 

Model integration – Numerous models address different dimensions of DES planning. Sensibly combining 
these existing models, rather than modeling larger and more complex models, is a challenging task. A plat-
form can support this task, e.g. by providing interface standards. 

Validating models – Validation of individual models is cumbersome and time-consuming. When models are 
integrated into generic tools of a platform, they can be evaluated more easily. Furthermore, platform stand-
ards and community exchange can improve the validation process of models. 

Considering data and geometry heterogeneity – Models require data of different form and levels of granu-
larity. The data exchange between models can thus be hindered. In an integrated platform, a central data 
model can help with the transferability of data by defining a common standard for models’ data requirements. 

Handling data gaps and data availability – A common problem in DES planning are data gaps and data 
availability. This platform can hold a variety of tools for generating synthetic data as well as pre-processed 
data sets from open data sources. In addition, data preparation done by one user or developer does not 
need to be redone by a second individual. 



Conflicting interests – DES planning centers around conflicting interests. Some models focus on individual 
perspectives, while others offer multi objective planning. In any case, the more tools are available to com-
pare, the better, different stakeholder interests can be portrayed and represented. 

Support for decision making – Decision-makers need reliable and verified results that are presented and 
visualized in a comprehensible way. By increasing the number of users and benefiting from proof reading of 
the open-source community, this platform can offer the required level of robustness. 

 

Table 1.  Challenges of district energy system planning 
 

Challenges of DES planning Platform 

Technical and economic 
challenges 

Model integration (combining existing models) [8, 10, 11, 13] x 

Model complexity and resolution [10–12, 17] x 

Modelling external factors such as human behavior, economic devel-
opment and weather [8, 11, 14, 17] 

 

Considering novel energy technologies [11, 14] x 

Improving existing methods [14] x 

Validating models [8] x 

Quantifying and handling uncertainty [10, 11, 17] x 

Considering data and geometry heterogeneity [13, 18] x 

Balancing model resolution with data availability [17]  

Handling data gaps and data availability [10, 11, 14, 19] x 

Political and institutional 
challenges 

Conflicting interests [11, 14, 19] x 

Support for decision making [10–12, 14] x 

Political uncertainty [10, 17, 19]  

Sustainable, affordable energy [14, 17] x 

Energy security [17] x 

Administrative complexity [19] x 

Monetizing aggregated flexibility [14]  

 

The following section presents the tools and technical components of the platform. It also discusses tech-
nical considerations that may influence the success of the platform. 

3. Platform components 
This section presents the components of the platform that would provide a reasonable starting point for the 
evolving toolkit. This initial collection would be capable of providing meaningful results for standard planning 
workflows. It would also demonstrate the type of additional methods and tools that could be added in the fu-
ture. The intention is that the collection of tools and data on the platform will be combined to produce insights 
beyond the functionality of any individual component. The tools contain data processing logic that leverages 
various numerical and analytical methods required for DES planning. 

The main objectives of the platform are: 

▪ Enabling flexible integration of novel computational methods 

▪ Visualizing planning and optimization interdependencies 

▪ Improving data availability and homogeneity 

▪ Increasing visibility of data uncertainty 

▪ Handling variants and scenarios 

The idea of such an initial toolkit is that it can easily be updated, manipulated or replaced, based on the us-
ers' and developers' preferences. Each tool is considered a container for many methods to solve a particular 
problem. Within a tool, a predefined architecture directs researchers and developers, on how new methods 
can be injected into the tool. The main flow of data would not be altered by switching between methods. The 
compatibility of tools bases on the commitment to a central data model. To cover the essential elements and 
processing steps of district planning, we suggest the components displayed in Figure 2. The boxes represent 
tools and cylinders represent databases; the dashed lines indicate useful extensions, that must not be part of 
an initial toolset. 



 

Figure 2.  Initial platform toolkit 

All tools work with a central district data ontology. The data model is the digital representation of districts in-
cluding all physical and hypothetical building and energy system components. Tools operate either on a dis-
trict data object that is transferred between processing steps in an ongoing computation, or they write and 
read the district data object to and from a database for intermittent processing. The latter would be beneficial 
for collaborative planning of districts, where multiple planners solve sub-problems successively. 

The Workflow Manager enforces a structure that separates processing steps programmatically and visually, 
which improves interpretability and reproducibility. Data sources and functionality can be programmed into 
the structure of a directed acyclic graph, where nodes represent computations and directed arcs represent 
information flow and thereby node dependencies. Tools could certainly also be run using a simple script to 
call the processing steps of the planning problem. This would however result in more heterogeneous plan-
ning workflows that would be harder to compare and build upon. 

The Data Enhancer, Synthetic Demand Generator and Local Energy Potential Quantifier are all pre-
optimization steps, that generate arbitrary data, e.g., timeseries that are fed into energy system simulation 
and optimization. Usually the available data about existing, and even future buildings is sparse and incom-
plete. Filling up data gaps using appropriate estimations is therefore a crucial step in the total planning pro-
cess. 

The Building Retrofit Optimizer creates plausible retrofit variants by providing adapted building objects to the 
Synthetic Demand Generator. It either outputs a final optimized retrofit, or it feeds different variants of the 
building to the proceeding energy system optimization. 

The Energy System Optimizer sizes system components based on optimal energy dispatch. This optimiza-
tion provides answers to the trade-off between decentral and centralized technologies of all energy sectors 
and thereby defines which form of energy supply dominates. Additional tools could be introduced for more 
detailed optimizing of heating and electrical grids. 

The Data Browser & Data Visualizer improve the interpretability of the optimization and simulation results. 
They output different types of tables, plots and reports, based on the requirements of the audience. 

The following paragraphs discuss technical properties of the platform that are not specific to energy system 
planning, yet greatly affect the quality of the platform and its potential to sustain. 

Extendibility – The platform should be easily extendable. By choosing Python as the development lan-
guage, tools consist of Python packages that run platform independently and are easily updated and shipped 
to services like the Python Package Index [20]. Interested users, researchers and developers can choose 
which tools to use, how and where to run them and whether to extend the platform or workflow by some ad-
ditional or improved functionality. By providing placeholders for typically required tools in district energy 
planning, it is easy to identify interfaces between processing steps. Documentation can be built into the tools 
in the form of comments, test cases and demo scripts, and be made available in a web compatible format. 

Level of coupling – Introducing a central data model to ensure compatibility comes with advantages and 
disadvantages. It improves data consistency and integration. This results in fewer errors and inconsistencies 
while improving efficient development and data flow by reducing transformations. However, a central data 
model can become very large, having to serve requirements of many different applications. This increases 
development and maintenance efforts. It further increases the dependency of tools from this data model, 
which might require updating tools, when updating the data model. 

Flexibility and maintainability – Energy system planning is a dynamic environment, where data models 
and tools regularly need to be updated to cope with novel problems and requirements. Data structures 
should therefore be flexible enough to cope with unforeseen needs during initial development. Practices that 
can help are modular data structure components, leveraging industry standards and implementing backward 
compatibility. Further, the choice of database technology can greatly affect the success of the project due to 
different levels of flexibility, performance and maintenance effort. 

Usability – Usability is to a large extend subjective and experienced differently based on the familiarity with 
different kinds of interfaces. The main user group is expected to be energy system researchers and engi-



neers who have basic knowledge of Python. We therefore suggest to either provide tools as Python packag-
es, with command line interfaces, or with a graphical user interface. Python has become one of the most 
popular languages for tools in the energy academic community [21], providing well-designed high-level func-
tions for newly developed tools can be a good balance in terms of usability and flexibility for users familiar 
with Python. As a high-level programming language, Python makes it easy for beginners to get started, 
which is important for interested users to start generating results [22]. Due to the expected rapid develop-
ment in research and application of district energy planning methods and software, this focus on code-based 
usability is motivated because of the low overhead in interface design. To integrate tools of different lan-
guages command line interfaces are sensible. Providing a graphical user interface comes with a higher level 
of user-friendliness and is particularly useful for presenting a lot of information at once. Developing and 
maintaining a GUI adds additional work and is therefore expected to be used mostly for result presentation 
and not necessarily for data processing. Python packages and command line interfaces are also easier to 
integrate into automation procedures of recurring workflows. 

Integrated computing – DES planning quickly becomes computationally demanding. Therefore, we suggest 
to integrate computational resources into the platform. While the processing and data handling could all be 
done locally, it would be sensible to integrate computing capacity that supports tools in highly intensive pro-
cessing tasks. Using a centralized solution can result in lower overhead due to the stronger integration of 
software and hardware. The data storage could also be hosted on a central machine, which benefits data 
availability, integration and performance. 

The following section discusses community management and its potential influence on the success of the 
envisioned platform. 

4. Platform community management 
Open-source community management is the process of building online communities and facilitating active 
collaboration. This involves engaging community members, moderating communication, facilitating discus-
sion, hosting community events, responding to user questions and generating informational and promotional 
content [23]. When collaboration and knowledge sharing are at the heart of the project, technical features 
and robustness do not alone affect the individual's choice to use the platform or to contribute. A platform that 
builds on the idea of collaborative development requires a community to be engaged and willing to share 
information, which his particularly sensitive in the early stages of development and research; this requires 
successful community management [24]. 

Open-source community management is a topic that has received attention in the context of the most suc-
cessful open-source projects [24], but to our knowledge it has not been considered a central part in the effort 
to engage a community of researchers and users of district energy system planning tools. Successful com-
munity management can support compatibility of tools and data, bridge the gap between research and appli-
cation and support active knowledge sharing and sustainable development of the platform. In efforts towards 
collaborative research and application in district energy system planning, the level of community 
engagement can be a potential differentiator between failure and success for a collaborative multi-energy 
system planning platform. 

Community management centers around community managers, who connect various groups such as re-
searchers, practitioners, policymakers to facilitate the exchange of experiences, knowledge and best practic-
es and thereby drive innovation and the quality of the platform. 

Important aspects of community management are: 

• Clear communication of goals, expectations and policies 

• Inclusiveness and empathy within the community 

• Active engagement of potential contributors 

• Decision-making transparency 

A collaborative multi-energy system planning platform’s success not only depends on technical aspects, but 
also on the level of engagement in the community, the user's choice to commit to this platform and potential-
ly contribute themselves, the willingness to share knowledge and the community's ability to make decisions 
and move forwards. Community management covers these aspects and can help to accelerate research and 
application of superior methods in district energy system planning. 

5. Conclusion 
In the context of district energy system planning, we have motivated the need for a collaborative platform to 
cope with the rapid development of new models and tools by academia and the requirements of practition-
ers. Due to the interdisciplinary nature of the problem, we expect individual groups to struggle with providing 
solutions to all elements of the problem. Some platforms exist with fine or major distinctions, of which cur-
rently none seems to be established as the status quo for integration for models and tools in district energy 



system planning. A platform that is modular and extendable can be the common ground for all parties in-
volved. 

Based on existing literature, we see model integration, validating models, considering data and geometry 
heterogeneity, handling data gaps and data availability, conflicting interests and support for decision making 
to be the prominent challenges to be solved by the envisioned platform. Concretely, we expect the platform 
to enable flexible integration of novel computational methods, expose planning and optimization interde-
pendencies, improve data availability and homogeneity, increase visibility of data uncertainty and handle var-
iants and scenarios. For consistent data handling we propose the definition of a central data model as the 
foundation for tool integration and data consistency. Further, we present a set of essential tools, that we 
consider indispensable to solve a wide scope of district planning problems. 

Fostering openness and effective collaboration potentially is a key differentiator between success and failure 
of such platforms. Collaboration, communication and decision procedures pose a challenge for ventures like 
this to thrive in the open-source world. Analyzing these aspects of the problem should be subject of future 
work. 

Setting the groundwork for this vision is a complex task, and no one in the sphere of district energy system 
planning naturally has the obligation to start. However, it does require an initial definition of standards and 
interfaces, for this platform to manifest in something tangible. Further, a combination of central guidance and 
community driven decision making is required to maintain the platform and react to future developments. 
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Abstract: 

Anomalous energy consumption detection is a valuable strategy for pursuing energy efficiency. In commercial 
buildings, such as supermarkets, abnormal consumption can occur due to non-adequate equipment, such as 
lighting devices and refrigeration systems, or non-efficient HVAC plant management. Anomaly detection is 
usually performed on a single building by comparing its energy consumption to its usual behaviour and 
applying statistical or artificial intelligence-based techniques. Still, no anomaly emerges if its energy 
consumption is systematically high (or low). However, a more effective method for detecting anomalies would 
be to compare the energy consumption of a single building with that of others possessing similar 
characteristics. This paper then proposes an alternative approach based on clustering analysis. From this 
perspective, energy consumption data from a group of supermarkets are gathered in clusters to detect which 
presents abnormal behaviour compared to others with similar characteristics, such as the dimension and 
external weather conditions. An unsupervised density-based clustering algorithm for outlier detection 
(DBSCAN) is applied to a pool of 87 supermarkets located in Tuscany (Central Italy) to detect the abnormal 
ones, considering as input features the floor area, the electrical and thermal consumptions available from 
monthly bills, the type of the air-conditioning units, and the outdoor temperature. The analysis is performed 
over three years to detect recurring outliers on an annual and monthly scale to investigate possible seasonal 
effects. During the three years, approximately 15% of the supermarkets were consistently identified as outliers 
on both a monthly and annual basis. These findings were subsequently validated through an on-site inspection 
conducted by the energy manager of the supermarkets, revealing that 50% of the identified outliers exhibited 
exceptionally high thermal and electrical consumption due to improper plant operation. 

Keywords: 

Anomaly detection; DBSCAN; Energy efficiency; Unsupervised clustering. 

1. Introduction 
Pursuing energy efficiency in buildings, industry, transport, and energy supply sectors is one of the central 
policies imposed by the European Council to meet the 2030 emission targets [1]. Through the years, most 
attention has been dedicated to reducing energy consumption in the building sector since it is responsible for 
more than 30% of the CO2 global emissions [2]. Beyond that, relevant emission cuttings can be achieved by 
actuating energy efficiency strategies also in the non-residential sector, which includes schools, offices and 
commercial activities. Non-residential buildings are characterised by higher energy intensities than residential 
ones and are responsible of the 5% of the total share of CO2 emissions [3]. This highlights the potential for 
good energy efficiency practices to have a greater impact. Among this category, food-related commercial 
activities (i.e., supermarkets) are one of the most energy-intense because of the energy consumption related 
to space cooling and heating and refrigeration for food preservation [4]. 

Energy efficiency in existing supermarkets has been pursued mainly by replacing old devices with more 
efficient ones (HVAC units, refrigeration systems and lighting systems) [5], retrofitting the thermal insulation to 
minimise thermal losses [6] and implementing renewable generation sources [7]. Although widespread, these 
strategies often require a significantly high investment cost. On the other hand, efficient strategies for energy 
consumption management can be cheaper to implement. The most common management strategies involve 
applying optimal control schemes for HVAC units [8],  and the refrigeration units [9] by replacing the traditional 
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PID control schemes with Model Predictive Control. In addition, the consumption optimization has also been 
pursued by implementing demand-side management paradigms [10,11]. 

Besides the cited traditional methods, data-based practices for energy consumption monitoring and fault 
detection are now gaining interest to make residential and non-residential buildings more efficient. In residential 
buildings, as well as in supermarkets, a large amount of data is usually collected and stored, thanks to the 
several measurement sensors spread over the energy plants. Using data for energy monitoring can be 
beneficial to spot abnormal energy consumption due to suboptimal operation of the HVAC or non-adequate 
equipment operation (i.e., lighting) [12]. Anomalous energy consumption can be identified using state-of-the-
art statistical outlier detection methods, such as z-score [13]. Although statistical methods are effective and 
easy to implement and interpret, with these techniques, outlier detection is typically driven by a single feature 
(e.g., the energy consumption time series). More advanced data-driven techniques based on Machine 
Learning (ML) algorithms allow, instead, to perform the outlier detection over a dataset with multiple features, 
e.g., considering the weather conditions and the building characteristics beyond the only energy consumption 
data. So far, most academic research papers focus on using ML for anomalous consumption detection of 
residential buildings. Still, a similar methodological approach can be applied to commercial activities to 
investigate its potentiality [14]. 

AI-based energy monitoring techniques aim to detect anomalous energy consumption. Particularly, 
Unsupervised Clustering (UC) techniques are gaining interest in the energy sector thanks to their simplicity 
and the broad range of applicability [15]. Mainly, UC is useful to identify abnormalities only considering the 
intrinsic behaviour of the energy consumption without knowing a priori if it is normal or not. Several UC 
techniques for anomalous energy consumption exist, such as k-means clustering [18], Gaussian Mixture Model 
(GMM) [19] and density-based algorithms [20]. The latter category is particularly suitable for outlier detection 
since it is based on detecting anomalies by dividing the dataset into clusters with high-density data (regular 
consumption instances) and clusters with low-density data (abnormal consumption instances) [21]. Local 
Outlier Factor (LOF), Isolation Forest (IF) and Density-Based Spatial Clustering for Application with Noise 
(DBSCAN) are the most popular algorithms [22]. Unlike the k-means clustering approaches, density-based 
algorithms do not require initialising the number of clusters. DBSCAN is particularly suitable for outlier 
detection, since its capability of clustering data and identifying a specific cluster dedicated to outliers [23]. The 
clustering emerges from data by setting specific parameters defining each cluster's threshold radius of 
influence and the minimum number of points that define a cluster. outliers Although setting these parameters 
can be challenging since they cannot be optimised, some automatic strategies can be applied. DBSCAN found 
many applications for outliers detection in time series so far [24]. Regarding the energy sector, in [25], the 
authors propose the DBSCAN algorithm for anomalous energy consumption detection in residential buildings. 
In this case, the setting of the parameters is automatised, and the clustering results are explanatory and 
reasonable. Focusing only on time series can bring some limitations, though. Energy consumption patterns, 
indeed, naturally vary due to seasonal trends, making it hard to distinguish if the wrong operation is systematic 
or due to an extraordinary change in the boundary conditions (e.g., exceptionally hot or cold seasons). For this 
reason, authors in [26] perform anomaly detection of a building through a two-step procedure, firstly comparing 
the building energy consumption with past data and then comparing it with a pool of buildings with similar 
characteristics. 

Given this framework, this work aims to apply the DBSCAN clustering for anomalous energy consumption 
detection of a group of supermarkets. The paper contribution aims to cover some literature gaps, summarized 
as follows: 

• Despite several papers contributing to this topic, most refer only to residential buildings even though 
commercial buildings are widespread and their energy consumption is more intense than residential ones. 
Identifying abnormal consumptions could foster significant energy savings in this context. 

• The outlier detection is not performed over a single time series related to a single building but within a 
pool of supermarkets, defining, then, whether the consumption is normal or abnormal compared to the 
behaviour of the other supermarkets with similar characteristics (such as the floor area and weather 
conditions). The clustering is performed both on a monthly and yearly basis, repeating the analysis over 
three different years. The supermarkets, then, are marked as outliers if their anomaly shows 
systematically.  

• The analysis is performed using consumption data extracted from monthly bills for electricity and gas 
consumption. Though buildings have several sensors, data collection and management can be 
expensive. Monthly bills are, instead, easy to collect, making the proposed outlier detection method 
attractive for situations in which detailed data are unavailable. 

2. Case study 
The selected case study comprises a group of 108 supermarkets in the Tuscany region, in the north centre of 
Italy. The group is heterogeneous, including mini-markets (floor area of up to 2000 m2) and superstores (floor 
area of up to 5000 m2). Most of the supermarkets, around 80%, use gas boilers for space heating during the 



 

 
winter season, while the remaining 20% are equipped with electric heat pumps. The weather conditions mainly 
determine space heating consumption. The stores are located at latitudes between 42° and 44° N and 
correspond to specific climatic regions established by the Italian government regulation [27]. Most 
supermarkets are in the D zone, where heating space is allowed between November 1 and April 15. The 
remaining are in the E region, characterised by more demanding weather conditions, with an allowed heating 
season from October 15 to April 15. 

The energy management division of the supermarkets provided data about consumption and weather 
conditions and some characteristics of the building over three years, from 2019 to 2021. The available data 
are as follows: 

• Electrical consumption data Eel: electrical consumption data are provided from the monthly bills. The 
electrical consumption (kWh) is related to the space air conditioning during the summer and winter 
seasons (only for those supermarkets that are equipped with electric heat pumps), Medium Temperature 
(MT) refrigerators for fresh food conservation, Low Temperature (LT) refrigerators for frozen food 
conservation, lighting devices and food processes (e.g., grocery and bakery).  

• Thermal consumption data Eth: The monthly bills also provide thermal consumption data measured with 
Standard cubic meters (Sm3). The thermal requirement refers to the space heating (during the winter 
season) and hot water used by the employees for personal usage and food processing actions. Some 
supermarkets do not have thermal consumption because the air conditioning is electrified. 

• Buildings data: The information about the building characteristics consists of the monthly opening hours 
Ho (for a total of about 4000 h/year) and the floor area Af. 

• Weather data: The weather conditions consist of two variables: the outdoor temperature and the outdoor 
humidity measured through sensors positioned outside the building location. These data are provided 
with a 15-minute timestep. The weather conditions will be expressed as Heating Degree Days (HDD) and 
Cooling Degree Days (CDD) (Eq. 1), which give a measure of the heating/cooling demand related to the 
outdoor temperature and the heating/cooling period. In Eq. (1) 𝑇𝑠𝑝,𝑖 is the indoor temperature set point for 

air conditioning, �̅�𝑒𝑥𝑡,𝑖  the outdoor temperature mean value over the day, and N is the number of 

considered days in the heating/cooling period. 

𝐻𝐷𝐷 =  ∑ max (𝑇𝑠𝑝,𝑖 − �̅�𝑒𝑥𝑡,𝑖 , 0)𝑁
𝑖=1 ;         𝐶𝐷𝐷 =  ∑ max (�̅�𝑒𝑥𝑡,𝑖 − 𝑇𝑠𝑝,𝑖 , 0)𝑁

𝑖=1  (1) 

Figure 1 provides a summary of the sample data ranges. The histograms illustrate the distribution of the data 
across the group of supermarkets, indicating the number of buildings in the total population (n/ntot) that share 
similar characteristics. 

 

Figure 1. Characteristics of the pool of supermarkets plotted as a fraction of the total supermarkets n/ntot. a) 
Specific annual electrical consumption Eel (kWh/m2year); b) Specific annual thermal consumption Eth 
(Sm3/m2year); c) Annual opening hours Ho (h/year); d) Floor area Af (m2) e) Annual Cooling Degree Days CDD 
(°C/year); f) Annual Heating Degree Days HDD (°C/year). 

2.1 Analysed cases 

Anomaly detection is performed by considering annual aggregated data and monthly data. The yearly analysis 
aims to detect which supermarkets have an overall anomaly in energy consumption over the year. Using yearly 
aggregated data makes this analysis computationally inexpensive and results in the preliminary identification 
of probable outliers. However, it could also be possible that some supermarkets have abnormal energy 
consumption only in specific months of the year due to seasonal effects. For example, anomalies could emerge 



 

 
only during the winter months caused by non-efficient gas boiler usage, while the air conditioning units work 
correctly in the summer. Monthly analysis can overcome this limit and highlight seasonal effects. For this 
reason, monthly clustering is also performed even though it is a more computationally expensive analysis since 
it is repeated every month over three years. 

3. Methodology 
The methodology section includes the description and preliminary results of the data pre-processing, feature 
selection, dataset construction and clustering algorithm settings. All the analyses have been realised in Matlab 
version 2021b. 

3.1 Data pre-processing  

Pre-process procedures are essential to make raw data usable. Mainly, preliminary operations regarding 
missing data handling and data aggregation were performed as follows: 

• Missing consumption data (both thermal and electric) were not replaced since outlier detection must be 
performed over actual data to spot anomalies. Supermarkets with missing consumption data were excluded 
from the analysis, reducing the pool from 108 to 87 supermarkets.  

• If possible, missing weather data were interpolated or taken from external databases. Missing periods lower 
than 24 hours were interpolated linearly. Missing periods longer than one day were replaced with data from 
the database IlMeteo.it [28], which offers historical daily average values for outdoor temperature and 
humidity. In this case, missing data were replaced with new data, measured not in the proximity of the 
supermarket but at the closest weather station, usually located in the same municipality. 

• Consumption data were aggregated starting from monthly values to obtain yearly global consumption. This 
operation is necessary to perform monthly and annual clustering to consider seasonal effects, as described 
in the Case Study Section. Weather data are aggregated into monthly and yearly values starting from the 
15-minute time interval measurements. 

3.1.1 Feature engineering and feature selection 

Few additional features are created starting from the available data to help the clustering algorithm find 
patterns. The following two features are then created: 

• A categorical variable that indicates the air-conditioning plant typology. Supermarkets which use electrical 
heat pumps for the summer and winter air-conditioning are marked with category E. In contrast, 
supermarkets which use the gas boiler during the heating season are marked with category EG. Following 
the standard procedure for categorical variables handling, this feature is processed as a dummy variable 
[29].  

• HDD and CDD. Average values of outdoor air temperature are not particularly meaningful, mainly if the 
average refers to an extended period (month or year). HDD and CDD, instead, quantify the overall 
heating/cooling demand, involving the length of the heating/cooling season and the difference between the 
indoor set point temperature and the outdoor conditions. Once the set of available variables is defined, 
feature selection is performed to remove unnecessary data and improve the clustering performance [30]. 
For this reason, a correlation analysis is performed to identify the more significant features. The feature 
selection is performed through the evaluation of the Spearman correlation coefficient 𝜌𝑠 . Spearman 
correlation coefficient is a statistical measure of the correlation within the variable x and y based on rank 
assignment. For the calculation, the values of x and y are converted into ranks following an ascending or 
descending order. Then a high correlation score is assigned where a high rank of x corresponds to a high 
rank of y. Unlike the Pearson’s coefficient, Spearman’s is able to calculate the correlation between two 
variables even if their relationship is not strictly linear. The only assumption is that the relationship has to 

be monotonic [31]. The calculation of 𝜌𝑠 is performed as shown in Eq. (2), where 𝐷𝑖
2 is the rank distance 

between variable x and y, and N the number of points which constitutes the cluster. The correlation is 
considered strong when 0.7 ≤ |𝜌𝑠| ≤ 1, moderate for 0.3 ≤ |𝜌𝑠| < 0.7 and weak for |𝜌𝑠| < 0.3. 

𝜌𝑠 = 1 − 6 ∙
∑ 𝐷𝑖

2𝑁
𝑖=1

𝑁(𝑁−1)
 ;            𝐷𝑖 = 𝑥𝑖 − 𝑦𝑖   (2) 

Correlation analysis is not performed for the yearly aggregated values because no monotonic relationship 
emerges considering annual data. Correlation analysis is then performed only for the monthly values. 
Particularly, 𝜌𝑠 is computed across the following variables: 

• Electrical specific consumption 𝐸𝑒𝑙  (𝑘𝑊ℎ/𝑚2𝑚𝑜𝑛𝑡ℎ) 

• Thermal specific consumption 𝐸𝑡ℎ (𝑆𝑚3/𝑚2𝑚𝑜𝑛𝑡ℎ) 

• Degree Days 𝐷𝐷 (°𝐶/𝑚𝑜𝑛𝑡ℎ). The generic symbol DD refers to HDD for winter months and to CDD for 
summer months 

• Outdoor Relative Humidity RH (%) 

• Opening hours 𝐻𝑜 (ℎ). 



 

 
The preliminary results of feature selection are shown in Figure 2. The heatmap shows the correlation 
coefficients 𝜌𝑠 across the combination of variables for one of the supermarkets as an example. The other 
supermarkets of the pool showed the same behaviour and are not shown for brevity. As expected, the 
correlation analysis shows that electrical and thermal consumptions are strongly related to the external 
temperature conditions (DD). RH showed no correlation with energy consumption, so it is removed from the 
analysis. Finally, since Ho showed only a moderate correlation with electrical consumption, it was included in 
the first tests. However, its impact was not significative for the outliers detection, so it was removed in the final 
dataset. In this plot, the correlation with the floor area was not computed because only one supermarket is 
considered (so the area does not vary). 

 

Figure 2. Spearman correlation values for the considered features Eel, Eth, DD, RH and opening hours. Data 
are related to one of the supermarkets of the pool as an example. 

3.1.2 Dataset construction 

As a result of the correlation analysis and considerations given in the previous sections, the annual and monthly 
datasets are finalised, as Table 1 summarises. Finally, each dataset is normalised to ease the clustering 
procedure. Normalised data are all in the same range, so undesired effects due to different data scales will not 
affect the clustering results. In this work, data are normalised with the 2-norm approach, in which the Euclidean 
norm of the variable normalises each data observation (row). Eq. (3) shows the normalisation approach. The 
generic data 𝑥𝑖 is normalised, becoming 𝑥𝑖,𝑛𝑜𝑟𝑚, dividing it by the 2-norm, where N is the number of rows of 

the variable. 

𝑥𝑖,𝑛𝑜𝑟𝑚 =
𝑥𝑖

[∑ |𝑥𝑘|2𝑁
𝑘=1 ]

1/2 (3) 

Table 1. Dataset with selected features for annual and monthly clustering 

 Features included in the dataset 

Annual clustering 

• 𝐸𝑒𝑙  (𝑘𝑊ℎ/𝑚2𝑦𝑒𝑎𝑟) 

• 𝐸𝑡ℎ  (𝑆𝑚3/𝑚2𝑦𝑒𝑎𝑟) 

• 𝐴𝑓 (𝑚2) 

• Air-conditioning units type: E/EG 

Monthly clustering 

• 𝐸𝑒𝑙  (𝑘𝑊ℎ/𝑚2𝑚𝑜𝑛𝑡ℎ) 

• 𝐸𝑡ℎ  (𝑆𝑚3/𝑚2𝑚𝑜𝑛𝑡ℎ) 

• 𝐴𝑓 (𝑚2) 

• 𝐷𝐷 (°𝐶/𝑚𝑜𝑛𝑡ℎ) 

• Air-conditioning units type: E/EG 

3.2 DBSCAN algorithm 

DBSCAN algorithm is an unsupervised clustering technique that identifies high-density regions (normal 
behaviour) in the k-dimensional space representing the dataset and a few low-density regions where the 
outliers are located (abnormal behaviour). High-density areas, i.e., the clusters, are defined based on the 
neighbourhood concept, for which two points are in the same neighbourhood if their distance is below a 
threshold 𝜀, called the neighbourhood parameter. The pairwise distance from a point to the surrounding ones 
can be defined in several ways, but the Euclidean distance is used in the analysis. Particularly the 



 

 
neighbourhood of a point x, 𝑁𝜀(x), is defined as in Eq. (4), where D is the set of points in the dataset, dist(x,y) 

is the Euclidean distance between two points x and y, and ε is the threshold distance [32].  

𝑁𝜀(x) = {y ∈ D|dist(𝑥, 𝑦) ≤ ε};          dist(𝑥, 𝑦) =  √∑ (𝑥𝑖 − 𝑦𝑖)2𝑁
𝑖=1

2
  (4) 

The cluster definition must include an additional parameter to identify high-density regions correctly. 
Particularly, 𝑁𝜀(x) cannot be constituted by less than a number of points equal to minPts (a scalar number ≥ 
1). The DBSCAN algorithm operates as represented in Figure 3. 

 

Figure 3. Clustering process using DBSCAN algorithm. 

3.2.1 Parameters setting  

Since the abnormal energy consumption detection for this case study is unsupervised, the DBSCAN model 
cannot be trained based on the experience of some previously labelled data which constitute the benchmark 
(normal or abnormal). For this reason, the parameter setting cannot be optimised by minimising a specified 
loss function, as happens for supervised cases. The choice of the parameters ε and 𝑚𝑖𝑛𝑃𝑡𝑠, then, is driven by 
some specific considerations related to the dataset. However, some general guidelines can be followed to 
have a proper estimation of suitable values of ε and minPts: 

• The choice of minPts depends on the configuration of the dataset. This work performs a sensitivity analysis 
varying minPts from 2 to 8. These values are selected considering the size of groups of supermarkets with 
similar characteristics, like the floor area or the geographical location, in the dataset. 

• The choice of 𝜀 is based on the method proposed in [33]. To determine a meaningful 𝜀 value, the pair-wise 
distance is calculated from each point in the dataset to all the other minPts number of points. The obtained 
distances are then plotted against the sorted points. Since the number of anomalies is usually limited (i.e., 
less than 20%), the sorted distances show a typical linear trend for the points in the high-density areas. A 
fast slope change occurs in the proximity of the so-called “elbow”, where the remaining sorted distances 
are substantial because they are related to the low-density areas (where the outliers are located and the 
points tend to be distant from each other). The selected 𝜀 value, then, is the distance value corresponding 

to the “elbow”. Since the results can be affected by the value of 𝜀 (i.e., the larger 𝜀, the lower the number 
of outliers), we performed a sensitivity analysis with different values near the elbow, and the results proved 
to be robust in this range. The value selected for ε varies for each simulated case, ranging from 0.0286 to 
0.0853. 

3.2.2 Key Performance Indicators 

The quality of the unsupervised clustering is not quantitative but qualitative since data are not labelled a priori. 
Results will then be shown with graphical scatter plots to represent clusters and outliers. Despite the limitation 
of the unsupervised nature of the problem, some additional considerations can prove that one supermarket 
can be considered an outlier. The clustering analysis is repeated for each year in the dataset (2019-2020-
2021) to support this thesis. The number of recurrent outliers is then collected over single or multiple years. 
Concerning the annual analysis, the fact that a supermarket has been marked as an outlier for more than one 
year suggests that an issue of some sort occurs systematically. 

On the other hand, supermarkets marked as outliers for a single year probably faced some extraordinary 
operative conditions which never repeated. The same considerations are valid for the monthly clustering. In 
this case, supermarkets were marked as outliers over one year if they were outliers for at least three months. 
This value is reasonable because it can reflect seasonal effects due to the heating or cooling periods. Two 
Key Performance Indicators (KPIs) are then evaluated to quantify the cited results: 

• Percentage of outliers 𝑛𝑜𝑢𝑡 over 1, 2 or 3 years compared to the total number of supermarkets 𝑛𝑠𝑢𝑝 (Eq. 5): 

𝑘𝑡,𝑠𝑢𝑝 =
𝑛𝑜𝑢𝑡

𝑛𝑠𝑢𝑝
∙ 100% (5) 

• Percentage of outliers over 1, 2 or 3 years compared to the total number of outliers 𝑛𝑜𝑢𝑡,𝑡𝑜𝑡 (Eq. 6): 



 

 

𝑘𝑡,𝑜𝑢𝑡 =
𝑛𝑜𝑢𝑡

𝑛𝑜𝑢𝑡,𝑡𝑜𝑡
∙ 100% (6) 

4. Results and discussion 
This session will provide at first step results about the clustering quality by visualising scatter plots with non-
anomalous clusters and outliers. After that, the analysis of the KPI will help to understand the supermarkets 
which showed a systematic anomaly, which can be classified as actual outliers. Finally, the outliers found by 
the algorithm are verified by plant inspections conducted by the energy manager to validate the clustering 
results. 

4.1 Qualitative clustering 

The results of the annual clustering in Figure 4 are scattered in a three-dimensional plot that includes the three 
features defined in the dataset (Eel, Eth and Af). The clustering is sensible since the main characteristics of the 
supermarkets are represented. The regions of the dataset with the highest density are clustered in Group 1 
and Group 2. The two clusters are related to supermarkets with electric pumps (category E) and supermarkets 
with gas boilers (category EG). Smaller clusters indicate limited groups of supermarkets which are similar. 
Group 3 represents superstores (i.e., most extensive floor areas) with electric heat pumps, while Group 4 
concerns superstores with gas boilers for space heating. Outliers emerge beyond regular clusters and are 
located mostly in low-density regions. Among the whole group of outliers, some show low consumption 
compared to the average of the surrounding clusters, while others show high consumption. The latter outliers 
were verified through an on-site plant inspection, finding some explanations for the abnormalities. For example, 
supermarkets 29, 74 and 51 are outliers because the electrical consumption is abnormal despite the Af and 
Eth being similar to other supermarkets. In these cases, the anomaly was found to be due to obsolete lighting 
devices or thermal losses of LT and NT refrigerators that are not closed. The electrical consumption anomalies 
related to the air-conditioning units are rare since supermarkets of category E are recent, efficient, and 
monitored. Supermarkets 7, 6 and 45 have abnormal thermal consumption. In these cases, the anomaly is 
primarily due to sub-optimal operation or out-of-range setpoint temperatures on the heating boilers. 
Supermarkets of category EG are indeed older than the ones in category E, so the heating plants are not 
monitored in real-time. 

On the other hand, a few supermarkets are marked as anomalous because of lower energy consumption than 
the neighbourhood, so the on-site inspection was not performed. In some cases, this behaviour is due to the 
low-quality data, which are partially missing (supermarket 31). In other cases, the low consumption is due to 
favourable climate conditions during the considered year or the wrong consumption estimation on the bills. 
The weather conditions effects emerge through the monthly analysis, in which HDD and CDD are used as 
predictors. Figure 5 can also be interpreted qualitatively as for the annual clustering results. In this case, some 
anomalies can be interpreted thanks to the additional information about the climate conditions. Exceptionally 
high DD are responsible for some detected abnormalities. For example, supermarkets 76 and 7 have similar 
DD to many supermarkets of the pool but significantly higher thermal consumption. The heating plants' sub-
optimal management set point temperatures can be responsible for these abnormalities. Compared to these, 
Supermarket 48 is less alarming because it has higher Eth due to higher DD. Finally, supermarkets 18 and 25 
have lower thermal consumption than the neighbourhood, but this is due to lower DD, indicating that the 
outdoor temperature was exceptionally lower than usual that month. 

4.2 Systematic outliers 

The qualitative considerations help support the clustering results, which cannot be compared to a benchmark. 
Despite this, the interpretation of the results may be impractical as it must be supported by visuals, and every 
outlier requires some additional effort to be confirmed or denied. Automating this process can be challenging, 
but iterating the analysis over multiple years can help to strengthen the outlier labelling with more reliability.  

Figure 7 highlights the capability of the monthly clustering in understanding systematic seasonal effects that 
did not emerge from the annual analysis. The analysis is valid for all the months of the year except for 
September. In this case, data concerning Eth of September 2019 were missing, so the statistics could not be 
computed for this month since the data quality still was not good enough despite data pre-processing. 
However, the analysis is still relevant for the other eleven months. This graph shows that during winter months, 
from November to March, a high percentage of supermarkets are outliers over the whole three years. These 
systematic abnormalities highlight an improper operation of the heating systems, so abnormal consumption in 
the cold season is highly probable. 

 

 



 

 

 

Figure 4. Annual clustering results for the year 2021, as an example. a) Specific electrical consumption Eel 
versus floor area Af. b) Specific thermal consumption Eth versus floor area. All the variables are normalised 

with the maximum values �̅�𝑒𝑙, �̅�𝑡ℎ, �̅�𝑓 for data privacy. Outliers are marked with red crosses and are associated 

with a numerical ID. 

 

Figure 5. Monthly clustering for January 2021, as an example. a) Specific electrical consumption Eel versus 
floor area Af. b) Specific electrical consumption Eel versus Degree Days DD. c) Specific thermal consumption 
Eth versus floor area Af. d) Specific thermal consumption Eth versus Degree Days DD. All the variables are 

normalized with the maximum values �̅�𝑒𝑙 , �̅�𝑡ℎ , �̅�𝑓  and 𝐷𝐷̅̅ ̅̅   for data privacy. Outliers are marked with red 

crosses and are associated with a numerical ID. 

Figure 6 shows how many supermarkets were marked as outliers for 1/3, 2/3 or 3/3 years of the investigated 
period. Around 10% of the supermarkets had abnormal consumption for only one year over three, highlighting 
that these abnormalities are not systematic but exceptional. Instead, the green stacked bar highlights the 
percentage of supermarkets that were marked as outliers for all three years. In this case, since the anomaly is 
systematic, these supermarkets probably have operating issues related to the consumption of their 
subsystems. This result is strengthened by comparing the annual and monthly kt,s and kt,out indicators. 
Regarding 1/3 years and 2/3 years outliers, there are a few differences. The monthly analysis in Figure 7 
highlighted occasional outliers (orange stacked bar), thanks to its capability of catching seasonal anomalies 
that cannot appear in the annual analysis, so the results are slightly different. Regarding the 3/3 years 
abnormalities, yearly and monthly clustering showed almost the same percentage. This result highlights that 
around 10% of supermarkets in the pool have systematic anomalous consumption that emerges independently 
from the weather conditions, so it strictly concerns operational issues of the plants. This result is then valuable 
information for the energy management unit of the supermarkets since it suggests that a plant check is 
necessary. As a final remark, thanks to this analysis, systematic anomalous supermarkets are marked as 
outliers with sufficient certainty. The cost of the on-site plant inspection to verify these results and eventually 
fix the anomaly, then, is justified and can bring to potential savings. Table 2 provides the validation of the 



 

 
results through the on-site plant inspection. The 50% of the recurrent outliers proved to have some issues that 
caused the abnormal consumption, such as the faulty operation of the HVAC units and old lighting equipment. 
Only in one case the abnormality was caused by a wrong estimation of the monthly bills. The remaining 50% 
were not found to be outliers, mainly because they were the cases that showed a positive abnormality (i.e., 
with consumptions lower than supermarkets with similar features). 

 

Figure 6. Abnormalities share for a) Annual analysis; b) Monthly analysis. 

 

Figure 7. Abnormalities share for monthly analysis for KPIs: a) percentage of outliers among the total number 
of supermarkets; b) percentage of outliers among the total number of outliers. 

Table 2. Results validation for recurrent outliers emerged from the monthly clustering analysis. 

Anomalous supermarket Years of anomaly Anomaly cause 

6 3/3 Old lighting devices; Heating system 

7 3/3 Heating system 

19 2/3 Heating system 

29 3/3 Old lighting devices; HVAC system 

30 3/3 Old lighting devices 

43 3/3 Heating system 

56 3/3 Wrong bill estimation 

75 2/3 Heating system 

5. Conclusions 
The paper investigated the potentialities of using an unsupervised clustering approach for anomalous energy 
consumption detection in a group of 87 supermarkets in Italy. The final goal of the study was to implement a 
computationally powerful strategy to identify anomalous supermarkets compared to the others in the group. 
Unlike standard statistical techniques, this approach helped to identify the outliers considering many features 
simultaneously, such as thermal and electrical consumptions, the dimensions and weather conditions. The 
analysis was performed using the DBSCAN algorithm, which is suitable for outlier detection for datasets mainly 
composed of high-density regions (regular consumptions) and a few low-density regions (abnormalities). 



 

 
Although this methodological approach had already been applied for anomalous energy consumption 
detection, it was rarely applied to non-residential buildings, which can easily suffer from non-optimal energy 
usage because of their higher complexity and energy intensity. In addition, most of the papers performed the 
outlier detection by comparing one building to its past energy consumption, making it impossible to identify 
systematic anomalies. The work then tried to bridge these research gaps by observing numerous similar 
supermarkets, starting from monthly electrical and thermal consumption bills, which are data easy to collect 
and manage.  

Firstly, the results proved that the proposed set of clustering parameters effectively represented the dataset 
adequately by identifying the main clusters in relation to the air-conditioning plan typology. Once the good 
quality of the clustering was verified, the annual clustering identified the anomalous supermarkets using 
consumption data and the floor area as features. After that, weather conditions were embedded in the monthly 
analysis, which was able to identify the supermarkets that behave anomalously only in particular months due 
to seasonal effects. Finally, the analyses went beyond the simple labelling as normal or abnormal consumption 
by repeating the clustering over the three available years of the dataset. By doing so, supermarkets labelled 
as outliers over the three years can be considered very likely outliers. Approximately 10 % of the supermarkets 
of the pool showed an anomaly over 3/3 years. This result was confirmed by comparing the annual and the 
monthly analyses so that supermarkets systematically affected by significant abnormal energy consumption 
are identified with improved confidence. This improvement is particularly meaningful since it overcomes the 
issues of the traditional unsupervised clustering, in which the non-optimal setting of the parameters brings 
uncertain results. In addition, the monthly analysis highlighted that around 50 % of supermarkets are outliers 
for only 1/3 years. These supermarkets are not particularly alarming since their abnormality is not systematic 
and is probably due to non-frequent wrong operation or extreme weather conditions. Repeating the clustering 
over different time scales and different years then helps to detect the false positive outliers and focus the effort 
on the systematic ones. This result is validated by the on-site inspection of the potential anomalous plants, 
which proved to have operational issues. 

Further improvements could concern the integration of additional features, as far as the data are available (like 
the occupancy, the type of refrigeration units and so on). In addition, if the supermarkets change during the 
investigation period, additional characteristics of new equipment could improve the clustering quality. However, 
since this kind of data is usually difficult to collect, the paper proposes a methodology involving data which are 
easily accessible. 
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Nomenclature 
AI  Artificial Intelligence 

CDD  Cooling Degree Days 

DBSCAN Density-Based Spatial Clustering for Application with Noise 

DD  Degree Days 

GMM  Gaussian Mixture Model 

HDD  Heating Degree Days 

HVAC  Heating, Ventilation and Air Conditioning 

IF  Isolation Forest 

KPI  Key Performance Indicator 

LOF  Local Outlier Factor 

LT  Low Temperature  

minPts  Minimum number of Points 

ML  Machine Learning 

MT  Medium Temperature 

RH  Relative Humidity 

UC  Unsupervised Clustering 

UD  Unsupervised Detection 

 



 

 
Symbols 

A  Area 

D  Distance 

E  Energy consumption 

H  Hours 

k  Percentage parameter 

N  Neighbourhood 

n  Number 

T  Temperature 

x, y   Generic points 

Greek symbols 

ρ  correlation coefficient 

ε  eps parameter 

Subscripts and superscripts 
𝑒𝑙  electrical 

𝑒𝑥𝑡  external 

𝑓  floor 

𝑛𝑜𝑟𝑚  normalised 

𝑜  opening 

𝑜𝑢𝑡  outlier   

𝑠  Spearman 

𝑠𝑝  setpoint 

𝑠𝑢𝑝  supermarkets 

𝑡ℎ  thermal 

𝑡𝑜𝑡  total 
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Abstract:
Today conventional rule-based control strategies dominate the control of energy systems in urban districts.
Due to many interactions in urban districts, commissioning local energy systems and defining rules for optimal
setpoint control is a challenge. Currently, expert knowledge based on comparable systems serve as basis
to set up increasingly complex controls. Moreover, this process is becoming increasingly challenging due to
the growing use of technologies such as heat pumps or storage systems to increase the share of renewable
energies in the building energy sector. In academia complex systems are often controlled via computationally
intensive methods such as model predictive control. Disadvantages are the complex initial commissioning,
high computing demands, and a lack of interpretability of the system’s behavior. To capture the complex
interrelationships, the proposed method extracts simple rules from artificial optimal control. The energy system
is first represented by a mathematical optimization model. The model determines the optimal plant operation
for given demand time series. The optimization results are fed into white box machine learning models, such
as Decision Tree Classifiers, to determine the revalent influencing factors and dependencies that are decisive
for the determined operation. The process yields the relevant variables and setpoints for a simplified rule-
based control. The extracted rules for an existing energy system are validated against the existing rule set
and the theoretical optimum according to the optimization results by simulation. The rules can be interpreted
by technical staff and applied to existing programmable logic controllers. This study introduces a toolchain to
automate the creation of rule-based controls for complex energy systems.
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1. Introduction
In order to achieve the climate targets that have been decided in the European Union, the emissions in CO2
equivalents in the building sector and here in particular also the direct emissions through the heating, cooling
and electricity supply must be reduced. [1] To this end, renewable energies are increasingly unsed and inte-
grated into existing energy systems in order to cause fewer emissions from fossil fuels. In the course of the
energy transition in the building sector, control of the energy systems play a crucial role, as large potentials are
wasted by inefficiency, but also the control of energy systems becomes more complex due to the use of new
generation plants, the coupling of sectors and the integration of volatile renewable sources. [2]
The control complexity of an energy system increases with the following characteristics:

• The use of different generators.

• Coupling of sectors and inter-dependencies of sectors and generators.

• Different minimum loads of generators.

• Size and use of storage.

• Integration of own renewable generation such as photovoltaic (PV).

• Variable electricity and gas prices, as well as variable revenues for supply of surplus electricity to the
public power grid.

• Utilization of flexibility for grid efficiency in the electricity sector.

Some of the listed factors offer the potential to make the provision of heating, cooling and electricity more
efficient and to improve the integration and utilization of renewable energy sources. Due to the complexity of
these systems, potentials may remain unused if no benefit is derived from the potentials in practice through
simple control strategies.



In practice, the setup of the controls of complex energy hubs [3] that contain different generators coupling the
heating, cooling and electricity sectors is an individual and time consuming task. For simple energy systems,
containing only few units for energy supply and storage, it is feasible to find a standard procedure that is
applicable on multiple reoccurring systems and control problems. With rising complexity and rising demands
on the control of modern energy systems there are no normative or systematic procedures to setup the controls.
Advanced control strategies, that are promising for complex control tasks, like model predictive control (MPC) or
reinforcement learning (RL), have not yet made a leap into broad real world application due to implementation
and acceptance barriers. [4] [2] Rule-based-control (RBC) operation is often based on the experience of the
technician and individual considerations of the production costs for heating, cooling and electricity by the plants
used. These are then implemented by a technician, for example, in the form of a generator sequence control.
A common procedure for optimizing the energy system is to evaluate the current operation supported by
monitoring and to determine control parameters in an iterative process, to yield satisfactory operation. This is
measured and evaluated by the plant operator on the basis of key performance indicators such as the average
operating point, efficiencies and prevention of short cycling of the plants.
The present work demonstrates a systematic procedure for deriving feasible operating rules for RBC of a
district energy hub, that provides heating, cooling and electricity. The idea is based on the calculation of the
theoretical optimum operation by means of mathematical optimization, taking into account dynamic boundary
conditions and influencing variables. The results are then analysed in order to derive control rules for the
supervisory level of the RBC. This is intended to circumvent barriers of complex control methods such as MPC
in order to realize short-term potentials by improving the control of energy hubs in practice.

2. Literature Review
In this section selected sources dealing with rule extraction methods for energy systems in general are used
summarize different methods for optimizing RBC systems. Furthermore examples of successful applications
are given and challenges are adressed to identify open research questions.
May-Ostendorp et al. have discussed the possibilities of rule extraction from the results of an offline MPC
in [5], [6] and [7]. In each case, the goal was temperature control in buildings using extracted rules from
a training dataset containing time series data from an offline MPC. A distinction between closed-loop and
open-loop learning is introduced in [6]. The closed-loop approach describes how time series data that is
extracted from a system with a closed MPC loop with feedback and disturbances from the system is used
to train the behavior of this MPC. In the open-loop approach, training is based on optimization results, which
are used separately from the system and the actual control. The use cases described by May-Ostendorp et
al. each include the building automation system and various parts of the indoor air conditioning system. The
generator side is not considered. The derived rules are interpretable and were successfully tested on the
building automation system for the studies.
Maier et al. [8] and Yang et al. [9] use Machine Learning (ML) models to approximate the controller behavior of a
MPC. This kind of control is also referred to as approximate MPC (AMPC). The methodology of the studies can
therefore be classified as closed-loop learning. The primary goal of these studies is to reduce the complexity
for implementation in practice. Maier et al. uses a system to supply heating and cooling to a building using
a heat pump and thermal storage. With a training data set of 2 years, it was possible to mimic the discrete
modes that the MPC specifies for operation. Yang et al. uses a recurrent neural network (RNN) to learn the
MPC behavior for a building’s HVAC system. While the AMPC model achieves promising cost savings, the
MPC is more able at ensuring comfort in the building.
Drgoňa et al. [10] use miltivariate regression algorithms to emulate optimization-based MPC. It is a closed-loop
learning approach, which is demonstrated on the example of the control of a multi-zone building. The approx-
imation of MPC yields very good results with the deep time delay neural networks (TDNN) and regression
tree (RT) models employed. The application is successfully implemented and demonstrated on embedded
hardware in the study.
Domahidi et al. [11] describe rule extraction using a closed-loop approach. Here, binary decision rules are
extracted for the supervisory level of a building automation system using the ML models SVM and AdaBoost.
Péan et al. [12] compare in their study different control concepts to exploit flexibilities of heat pump systems
on the supervisory control level. The use case is the provision of flexibility for the public power grid. Studies
with RBC and MPC are compared and it is shown how far RBC can also be used for control with the flexibility
objective.
Robillart et al. [13] use the statistical method beta regression to learn from the optimization results. The use
case is a residential building which is heated electrically and dynamic electricity tariffs are exploited by load
shifting. The results show that the optimal behavior could be reproduced well under drastic reduction of the
computing capacity and also outperforms a simple heuristic control.



In their study, Yu et al. [14] use a two-stage ML procedure to extract interpretable rules from a simulated MPC
using an EnergyPlus model. Therefore the approach is a closed-loop-learnning procedure. The results of the
multi-objective optimization are first clustered by an unsupervised clustering procedure to identify recurrent
control decisions. In a second step, a decision tree classification is then used to reassign the clusters to the
corresponding initial situations in the space for control. The method shows only slightly lower performance for
the control of room air conditioning for the use case compared to the MPC, which serves as a reference.
Kanwar et al. [15] compare a MPC and a RBC approach for a microgrid that includes PV systems and de-
centralized storage systems. The control approaches are intended to control the microgrid in such a way that
the fluctuating renewable generation is self consumed and the degree of energy utilization is increased via the
storage system. The MPC approach shows the best results due to the optimization with included predictions
for renewable generation. Here, the rule-based approach consists of if-then-else loops based on engineering
considerations that control the system depending on storage levels and electricity prices.
In general, the procedures in the literature can be divided into open-loop and closed-loop procedures as
described by May-Ostendorp et al. [6]. The presented studies can also be subdivided with respect to the
rule extraction procedure and the applied ML models. On the one hand, there are studies that apply rule
mining to directly extract rules and limits for a rule-based system. For this purpose, ML models are used that
establish interpretable relationships, such as decision tree classifiers and clustering algorithms. On the other
hand, there are studies that aim to approximate the behavior of MPC using the ML models and replace the
online MPC with a meta-model, which can significantly reduce the computational effort. For this method, ML
models can be implemented on low level hardware to interact and control the energy system. In this case no
interpretable relationships between input and output of the controls are given.
The application fields of the literature presented here describe, among others, building energy systems and
the supervisory level in the building automation system. The control problems to be solved for RBC partly
focus mainly on special problems (control of windows [7]) or the control of individual elements of the energy
supply system, such as the utilization of storage units [15]. A research gap is identified that addresses control
extraction methods for so called ”multiple input multiple output” (MIMO) problems for the coordination of larger
energy systems, such as district energy systems and energy hubs with different generators and the coupling
of energy sectors.
This study shall showcase the possibilities by describing the energy hub as a mathematical optimization model
for the systematic creation of an optimized RBC. In addition, the comparison with existing RBCs implemented
by engineers in practice shows that the methodology can also take other variables into account in order to fulfill
requirements such as flexibility for the public grid in a rule-based mannor.

3. Use case
The energy system of the presented use case supplies a city district with heating, cooling and electricity. The
generation plants are located in an energy hub, the heating and cooling supply of the buildings in the district
is carried out via thermal networks. The district is characterized by mixed use, which includes office buildings,
hotels, retail, restaurants, industrial enterprises, sports facilities and cultural institutions. The demand profiles
show a high simultaneityof heating and cooling demands throughout the year. The connected industry has a
year-round cooling demand. Some of the buildings are supplied with domestic hot water via the local heating
network. Therefore a year-round heat and cold supply is provided by the thermal networks and the energy hub.
In addition to the energy hub, the system is also connected to the public power grid. Some of the buildings
have own additional generators for support, such as decentralized heat pumps, which are, however, neglected
in this study and are controlled independently of the energy hub. Decisive for the optimization problem are the
thermal and electrical loads, which are supplied by the energy hub to the district.
Figure 1 shows the different sectors and all the supplies and demands, that are located in or connected to the
energy hub. The heat supply can be provided by different plants.Two combined heat and power plants (CHP)
are available, each with a thermal output of 1111 kW and a nominal electrical output of 851 kW, a gas boiler
with a nominal thermal output of 1870 kW, a high-temperature heat pump (HT-HP) with a nominal thermal
output of 1284 kW, and an electrical heater (EH) with a nominal thermal output of 250 kW. Cooling is primarily
provided by two absorption chillers (AC) with a nominal cooling capacity of 787 kW and a heat demand of 1049
kW nominal each. The ACs are connected to free coolers via a recooling circuit, which can also be used as free
coolers at outside temperatures below 0°C. The ACs are connected to the free coolers via a re-cooling circuit.
The re-cooling circuit of the AC also serves as a heat source for the HT-HP. Due to this coupling, the HT-HP
can only be used when the chillers are running, which, however, is always the case due to the high year-round
cooling demand as long as the free coolers are not used. While the CHP units are decoupled from the heating
network via two buffer storages with a total capacity of 24,000 l, all the other heat generation units feed directly
into the heating network. Therefore an optimal sceduling of the devices in regard to current demand, efficiency
and minimal part load to reduce on/off cycles is crucial for the control of the energy hub.



The structure of the supply system makes it possible to provide both positive and negative flexibility for the
public power grid through appropriate control. This is due to the coupling of the electricity and heat sectors via
CHP and HT-HP. The flexibility potentials of energy systems are often achieved with temporary measures, such
as the utilization of storage facilities and the thermal inertia of buildings. In this context, only limited amounts of
energy can be shifted at certain times. The present energy system can also provide permanent flexibility to the
public grid depending on the heating, cooling and electricity demands by shifting the load to other generators.
This aspect will be discussed in more detail in the result section 5. when considering different electricity and
gas prices as an economic incentive.
The current control is based on a generator sequence, which is carried out via the storage levels of the thermal
buffer storage. Currently, the CHP are prioritized to provide the base heat load. The HT-HP is switched on
manually when the AC are running and there is a heat demand from the local heating network. The gas boiler
and electric heater serve as backup and are used manually in certain situations: If the heat demand from the
local heating network and the AC exceeds the capacity of the CHP units, a CHP unit is switched off in favor of
the gas boiler, since the gas boiler can provide a higher heat output for the gas used. In addition, the gas boiler
serves as a redundancy for, among other unplanned downtime, service times of the CHP units. The electric
heater has a relatively low output and is also kept in reserve for peak loads. Although the current control
system is largely automated, there are still manual interventions and the limits and prioritization of individual
generators are adjusted by a technician in the course to manage an economical operation. This is also the
motivation for the methodology to implement a mathematically optimized rule-based operation.
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Figure 1: Structure of the sector coupled energy system

4. Methodology
Figure 2 presents the main parts of the methodology. Time series data for heating, cooling and electricity
demands, which must be generated by the energy hub serve as input for the optimization model. The time
series data must be available for the optimization model in the appropriate temporal resolution. This data can
be provided in the form of measurement data from an existing energy system, or from a dynamic building
simulation. In addition to the energy requirements, technical and economic constraints are transferred to the
optimization model as parameters.
A Mixed Integer Linear Program (MILP) is used as the optimization model. A detailed description of the model is
given in section 4.2.. The objective function of the optimization minimizes the operating costs, which, in addition
to the costs for purchased electricity and gas, takes into account the revenues for sales to the tenants of the
supplied district, as well as lump-sum deductions for start-up costs of the plants and taxes for CO2 emissions.
The results of the optimization model are output as a set of time series data per parameter variation. This



contains the current outputs of all plants and storage levels for each time step of the optimization. In addition
to these raw data, plant performance indicators such as a start-up counter, energy quantities provided and
utilization or average operating points are also outputs.
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Figure 2: Structure of the Methodology

For the subsequent rule extraction process, the measured datapoints available in the real energy system
and the variables to be controlled must be defined. The rule extraction process should use interpretable ML
models to establish relationships between the measurable variables and the desired controlled variables for the
supervisory level of control of the energy hub implementable by technicians with a corresponding education. In
the last step, the rules are validated. On the one hand, an existing simulation model of the energy hub is used,
which was implemented in Dymola using the open-source model library AixLib [16]. The comparison can be
made in the simulation with the existing RBC of the energy hub, as well as with other control approaches such
as an ideal MPC with perfect forecast as an upper-bound comparison. In addition, the rules should also be
implemented in practice if they offer potential for improvement compared to the previous mode of operation.
4.1. Data preprocessing
The demand time series for the heating, cooling and electricity demands of the district, which are used for the
optimizations, are real measurement data from the project, which were recorded via a monitoring platform.
Since cooling can only be provided via the AC, only the heat flow required for the AC, which is recorded via
heat meters, is taken into account in order to further simplify the optimization model.
Since data gaps for individual data points occur in the monitoring data set, the time series are subjected to
preprocessing. Gaps with a duration of less than 2 hours are closed by the mean value of the adjacent time
steps. If a larger gap occurs in one of the time series, the faulty segment removed from the data set. The
optimization is then performed for one contiguous segment at a time, with continuity for the thermal storages
being maintained by a constraint that the storage levels must be identical at the beginning and the end of each
cycle.
4.2. Optimization model
The energy system is formulated as a mathematical optimization problem in Python. The optimization is per-
formed with the commercial solver Gurobi [17]. The coarsest temporal resolution of the underlying measure-
ment data from the real energy system is 15 min. Accordingly, the time step size of the optimization problem
is also set to 15 min. The results from the optimization are output as time series data in a structured way.
The main model parameters are described below:

• The thermal and electrical efficiencies of all plants, as well as the coefficient of performance of the HT-
HP. The efficiency curve of the gas boiler and the CHP units is approximated by a stepwise linearization,
while the EH and the HT-HP are represented by a constant efficiency and coefficient of performance,
respectively. Analysis of the measured data shows that the source and sink temperatures of the HT-HP
in the application are almost constant, and therefore the assumption of a static COP was assumed to be
sufficiently accurate for the case study.

• Minimum partial loads are specified as constraints for all generators.



• Due to the size of the equipment, special consideration must be given to the cost of wear and mainte-
nance due to frequent start-ups. These start-up costs are provided as parameters in the model. The
CHP units are the most expensive with 50 EUR per cycle, the gas boiler and the HT-WP with 10 EUR per
cycle each and the electric heater with 3 EUR per cycle. The values were estimated with partners from
practice.

• Minimum run times for the following components are specified as constraints: The CHP must run for 30
min, the gas boiler and the HT-WP for 15 min each, and the EH for 1 min before they are allowed to be
shut down again by the optimization. In addition to the start-up costs, these constraints were chosen to
prevent the plants from cycling and to force a solution with longer run times.

• Generator dependencies in the system were specified by constraints: Due to the high temperatures
required for the AC, they can only be supplied by the CHP units or the gas boiler.

• The gas connection is limited to a capacity of 5 MW, which is why only two of the gas-fired plants (Two
CHP units and one gas boiler) may be operated at a time.

• The costs for the purchase of electricity from the public grid, the purchase of gas, CO2 emission costs and
revenues for the sale of surplus electricity to the public grid are each specified by constant parameters.
However, the option is provided to run optimizations via a parameter grid variation. These parameters
have a sensitive influence on the optimization result and the use of individual generators. Using the
parameter-grid, their influence on the results can be displayed for any time-step and later be used in the
automated rule extraction.

The parameters listed were implemented according to the manufacturer’s specifications.
The procurement prices for electricity and gas were assumed to be constant, but the model is designed to run
optimizations for a parameter grid for different electricity, gas and CO2 prices, so that the influence of these
costs on the generation sequence can also be mapped at any point in time.
4.3. Rule extraction
The methodology presented in this paper is intended to provide results through the rule extraction procedure
that can be interpreted by a technician and used for setting the control in practice. Therefore, only ML meth-
ods that allow this form of interpretation are considered. Existing literature provides examples for the use of
Decision Tree Classification, Clustering methods, Support Vector Classification and AdaBoost as discussed in
2..
Currently, two ways are being tested to represent the complex dependencies of this MIMO system from the
optimization model in a form that can be directly transferred to the automation system in practice. Enabling
of generation units depending on the important decision variables such as current heating and cooling de-
mand, as well as electricity and gas costs can be reproduced using Decision Tree Classification. However,
the accuracy of the model trained using optimization data does not yet allow conclusions to be drawn about
the performance of the control in practice. Validation is still pending. Another possibility is to transfer the op-
timization results to operating modes that can also be mapped in the automation system. Thus, the data set
can be grouped using clustering. The decisive variables and transition conditions between the modes must be
determined in a further step.
4.4. Simulation Model
The simulation model to be used for validation of the optimized RBC is implemented in the Modelica language.
It is based on physical models of the simulation library AixLib [16] and is modeled by means of plans for the in-
terconnection of the energy hub, as well as the parameters according to the manufacturer’s data sheets. Many
of the simplifications in the optimization model, which are based on the simplified mathematical description
of the system, are more accurately represented in the simulation model. For example, the model uses fluid
models that represent the thermodynamic properties of water. Inertias, as well as start-up processes of the
plants and temperature wave propagation in the system are taken into account and the temporal triggering in
the model is minute-by-minute. The model contains all interfaces for control using logic expressions in Mod-
elica or for integration as a Functional Mockup Unit (FMU) for co-simulation in another environment, e.g. for
embedding in a Python program.

5. Results
The optimization model was tested for several years on measured data and for different model parameters
to determine their influence. In particular, a systematic variation of variables that change in reality, such as
electricity, gas and CO2 certificate prices, is important in order to learn their influence on the basis of the
optimization results for improved control.
For the example plots below, the optimization was carried out for a parameter grid of varying electricity and



gas prices. The months of July and December 2021 were used as examples to consider one month in and
one month out of the heating period. The plots in figures 3 and 5 each show the relative utilization of the
generating units for the heating sector as a percentage. The plots in figures 4 and 6 each show the total
operating costs, the revenue generated by selling surplus CHP electricity to the public grid, and the local CO2
emissions generated by the gas-fired plants.
In the month of December, the heat supply for the AC is distributed between the first CHP and the gas boiler
depending on the electricity and gas prices. When gas prices are low and electricity prices are high, the first
CHP is utilized as much as possible. The second CHP is also partially added when gas prices are low and
electricity prices are high. Apparently, the generation of heat and electricity by both CHPs is worthwhile, even
if the electricity generation from the CHPs exceeds the captive demand in this case, as shown by the plot of
revenues for electricity sales in Figure 4. With increasing gas prices and also decreasing electricity prices,
there are parameter pairings that increasingly switch to the gas boiler and also the electric heater for optimal
supply. The result is due to the larger amount of heat that can be provided by the gas used through the gas
boiler, along with the less economical electricity generation by the CHP units at lower electricity prices. In
general, heat generation from the HT-HP is in any case the most economical variant of heat generation for the
local heating network, since it is in operation almost continuously high for all variants. Only at the corner of
highest electricity costs and lowes gas prices the HT-HP operation is reduced in favor of higher utilization of
both CHPs. This is why for the control of the HT-HP, the required waste heat from the AC and sufficient offtake
from the local heating network should be decisive and should be preferred to the other generators for heat
supply for most cases.

CHP 1 CHP 2 Gas Boiler

HT-HPElectric Heater

Figure 3: Optimization results for December 2021: Relative runtime of different generators for heating supply

In the month of July, a different generator composition is evident from the plots in figure 5. The share of the
second CHP is further reduced for cases of lowest gas prices and highest electricity prices. The gas fueled
generators (CHPs and gas boiler) show an only slightly reduced utilization, which is due to the rather constant
high temperature heat demand from the ACs that is at a similar level all year round. The heat demand here
in July, outside the heating season, is mainly driven by the heat demand of the AC and supplemented from
the heat grid only by a small load due to domestic hot water supply. This is clearly evident from the utilization
of the HT-HP, which remains at low part load for the entire parameter grid. This can be explained by higher
utilization of the generators, which run anyway for the heat supply of the AC, and by the high minimum partial
load of the heat pump. Since the heat pump is directly coupled with the heating grid and cannot use a buffer
storage volume, a certain minimum demand from the grid is required to operate the HT-HP economically.
The two example months and parameter variations show exemplarily that by a simple analysis of the optimiza-
tion results rules for the generator enabling can already be derived. In the example, these are dependent on
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Figure 4: Optimization results for December 2021: Total cost, revenue for surplus power and local CO2-
emissions for a parameter-grid of varying gas an electricity costs

CHP 1 CHP 2 Gas Boiler

Electric Heater HT-HP

Figure 5: Optimization results for July 2021: Relative runtime of different generators for heating supply

the electricity and gas prices, as well as the season and the correlating heating and cooling demand of the
neighborhood and the constraints specified by the model.
The evaluation of different parameter variations shows the dependence of the utilization of individual heat
generation plants in the model and the sequence of generators on the influencing variables gas price and
electricity price. In particular, if these variables are not fixed in practice by corresponding long-term contracts for
periods of time, but are subject to high fluctuations through trading on the energy markets, there is considerable
optimization potential here. The previous control-based mode of operation does not include the variable costs
described above as decision variables for the control, although in the current situation the prices for electricity
purchases and sales are traded directly on the stock exchange. Only gas purchases and CO2 taxes are
currently fixed.

6. Summary and Outlook
So far, the study shows the general methodology for systematic optimization of rule-based energy systems
using mathematical optimization models. While the mathematical modeling and the representation of the
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Figure 6: Optimization results for July 2021: Total cost, revenue for surplus power and local CO2-emissions
for a parameter-grid of varying gas an electricity costs

energy system using Modelica models have been completed, the automated rule extraction and validation of
the entire methodology on simulation and real energy systems are still pending.
The presented methodology can be used to determine the relevant decision variables and extract set-points
for an optimized rule-based system, taking into account technical and economic constraints. The iterative
procedures for the improvement of rule-based systems, which are common in practice, can be supported by
the presented procedure in order to reach an applicable mode of operation faster.
The presented results of the optimization model show exemplarily how the current RBC should be supple-
mented by further decision variables for the control. Even if validation and the use of automatic control extrac-
tion methods are still pending, the influence of variables not yet taken into account in the control, such as the
electricity and gas price, can already be derived directly manually.
For systems of high complexity or complex control requirements, the methodology shall also indicate when op-
eration cannot be satisfactorily tuned using a rule-based approach and when it is worth the effort to implement
more advanced control strategies, such as MPC.
In further investigations a comparison to conventional RBC and more advanced MPC approaches will be made
to demonstrate which of the optimization potentials can already be achieved by an optimized RBC and for which
problems more complex controls like MPC are necessary to achieve a satisfying operation.
The influence of the model accuracy of the underlying optimization model on the extracted rules needs to be
investigated in more detail. Further studies should show which temporal resolution and properties of the plants
i.e. constraints in the optimization model are important for the rule extraction. Provided that the method al-
ready delivers satisfactory results for rule-based operation in generic design optimization procedures with lower
model accuracy and temporal resolution, this would significantly improve the transferability of the methodology.
In addition, follow-up studies will show whether the accuracy achieved in rule extraction procedures such as
clustering or decision tree classification already allows conclusions to be drawn about the performance of the
control in reality, or whether it needs to be validated in general.
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Abstract: 

This paper investigates the transfer learning mechanism to improve the prediction accuracy of the energy 
system model. Artificial intelligence techniques are increasingly being adopted in the energy domain to predict 
energy system characteristics and performance. However, in many energy systems, the relationship between 
interested variables and their distributions differs (data and concept drift) with time due to system degradation 
and aging. There is a requirement for re-training and re-testing AI models to ensure reliable performance over 
time, which may require extensive latest operational data. Transfer learning helps to confront this challenge 
by leveraging valuable knowledge from a pre-trained model and reducing the requirement of new operational 
data significantly. To address these issues, this paper focuses on a gas turbine, a critical energy system widely 
deployed in diverse applications, and shows performance degradation over its lifetime. The energy model of 
the gas turbine is a multivariate type that predicts energy efficiency, fuel consumption, and heat energy based 
on power setpoints and weather conditions. This paper examined transfer learning mechanisms that can 
capture the latest characteristics of the gas turbine and their effects on prediction accuracy. The developed 
transfer learning model predicts fuel consumption accurately above 99%, whereas the pre-trained model 
under-predicts up to 4%, which may lead to suboptimal operation decisions when employed in the scheduling 
algorithm. Some of the other targets, such as heat energy, show marginal drift, as expected from the gas 
turbine characteristics. The knowledge gained from the transfer learning mechanism and its efficacy boost 
assists operational decisions, which helps improve energy efficiency and cost savings. 

Keywords: 

Transfer Learning; Machine Learning; Distributed Generation, Neural Network, Prediction Energy Model. 

1. Introduction 
 

Commercial buildings account for 32% of global energy consumption and are expected to face an annual 
growth of around 1.3% and 2% for the Organization for Economic Co-operation and Development (OECD) and 
non-OECD countries [1]. The building sector wastes around 20% of its energy due to faults in energy systems 
[2,3] which further emphasises the importance of assessing the operational performance of these systems. 
The increasing trend of energy consumption urges efficient monitoring to improve the efficiency and life span 
of these systems and reduce carbon footprints and unnecessary downtime. Decarbonization drives distributed 
energy resources (DER) comprising renewables and local generation to support diverse buildings and 
communities. Urban communities are moving towards local DERs to gain additional efficiency benefits and 
strengthen reliability and resilience. Advancements in smart grids, the Internet of Things (IoT) and artificial 
intelligence (AI) boost adoption to automate and optimize various energy processes. The most common 
applications in buildings are AI-based energy management systems  [4], fault detection and diagnosis [5], and 
load and renewable forecasting [6]. Traditionally, physics-based models were employed to address these 
problems and require more specific information about buildings and technologies [7,8]. Now, AI techniques cut 
short and ease the development and deployment process and offer scalability to larger problems [9] through 
generalized models. Despite the many advantages of these approaches, a major drawback is the requirement 
of sufficiently large datasets to produce accurate models [10]. For example, deep learning models not only 
require large datasets but also extensive training times and computational resources [11], and often compiling 
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such a dataset can be expensive, time-consuming, and even impractical on certain occasions[12]. This study 
focuses on developing an AI model of a gas turbine using minimal latest operational data and exploiting most 
of the information from the pre-trained model. 

 

 1.1 Importance of Learning Models 

The performance of energy systems degrades over time; some of the performance losses can be recovered 
through proper maintenance, whereas the non-recoverable losses are due to system wear and tear. Such 
situations may change the characteristics and performance of the energy system, i.e., the changes in the 
outputs (dependent variables) for given inputs (independent variables). This process is often referred to as 
concept drift in literature. It is pre-eminent that predictive models operating in such settings need to account 
for these changes to retain prediction accuracy. Learning methods are widely used to address some of the 
performance drift challenges involving data shortages. The learning methods apply a knowledge transfer 
process and achieve substantial improvements in many domains, including computer vision, natural language 
processing, speech recognition, bioinformatics, and reinforcement learning [5].  

 

 Adaptive learning techniques are applied in dynamic environments where the performance data (system 
characteristics) varies with time. Adaptive learning consists of four building modules comprising memory, 
change detection, learning, and loss estimation [13]. The memory module updates the latest information and 
simultaneously discards irrelevant old information. The change detection module characterises and quantifies 
concept drift by examining data and its distribution between two-time windows, as well as validating the 
predicted values with actual measurements. The learning module updates the prediction model through 
retraining and the incremental method. The retraining mode discards the existing model and develops a new 
model using both old and new data [14]. In contrast, incremental methods update the current model with the 
most recent data as it becomes available. The final module is loss estimation, which is related to performance 
metrics used to estimate the algorithm performance during adaptive learning. Several articles incorporated 
adaptive learning to account for degradation in their workflow, thus improving the efficiency of systems. These 
studies focus on batteries and fuel cells, which are prone to significant capacity degradation. Li et al. developed 
a fuel cell degradation model for a hybrid bus energy management system to account for different decay rates 
during varying operating conditions [15]. 

 

On the other hand, transfer learning uses the knowledge gained in one problem and applies it to a different 
but related problem, such that the development process is simple and eliminates the need for development 
from scratch and a complete dataset [16]. Lu et al. applied transfer learning to tackle limited data for improving 
the thermal load forecasting model and developed a similarity measurement index to select a source task that 
is most like the target task  [17]. Chen et al. [18] proposed a neural network based on control theory for fault 
detection in actuators and utilized transfer learning to account for degradation in the system. In the context of 
degrading energy systems, transfer learning aims to update a pre-trained NN model using the latest operation 
data to capture the changes in the system's behaviour. This type of problem is categorized as domain 
adaptation, where the model inputs and outputs are still within the same space, but the distribution or system 
characteristics change due to ageing [19]. Figure 1 shows a general overview of the domain adaptation 
problem, where the neural network model is developed using a comprehensive dataset, resulting in a pre-
trained network. Later, this pre-trained model is adjusted or fine-tuned using the latest dataset to capture the 
behaviour and performance of the current state of the system. During the finetuning process, the learned 
weights and biases of the pre-trained model are further adjusted to minimize the loss function in relation to the 
latest operational data. The fine-tuning process usually leads to shorter training periods because the pre-
trained model has already learned useful features.  

 

Figure. 1. General schematic of transfer learning for domain adaption problem 



In energy systems, transfer learning has been applied to a variety of problems. Liu et al. designed a 
convolution-based neural network (CNN) to diagnose faults in building chiller plants [5]. Besides transfer 
learning, other methods solve similar problems involving data limitations; for example, semi-supervised 
learning takes advantage of unlabeled data together with some labeled data to improve prediction performance 
[20], but both datasets are required from the same distribution. Multi-view learning leverages multiple different 
feature sets or views available for additional data description [21]. This study aims to comprehend the transfer 
learning mechanism and develop transfer learning models to improve the prediction accuracy of the energy 
system. This study investigates and compares two transfer learning mechanisms that can capture the changes 
in the energy system characteristics (referred to as data drift) with the limited latest operational data and extract 
other useful information from the pre-trained model. 

2. Methodology - Transfer Learning for Degraded Energy Systems 
     In degraded energy systems, the transfer learning mechanism is to improve the prediction accuracy of the 
AI model by using the latest operational data and capitalizing on useful information from the pre-trained AI 
model. To achieve this, firstly, an AI model was developed using the comprehensive dataset to depict the initial 
characteristics of the system. Later, this pre-trained model is adjusted to capture the latest characteristics as 
the performance of the system degrades. The adjusted model is often referred to as the fine-tuned model. In 
such situations, the dataset representing a degraded system may be limited; however, this requirement is 
acceptable as this data does not need to represent all characteristics of the system. Figure 2 shows the 
schematic of the transfer learning mechanism, where data processing is the starting point to extract useful 
information (i.e., features and targets) from the operational data and eliminate outliers and noise. Develop a 
multi-layer perceptron neural network (MLP-NN) model to predict energy system behaviour and performance. 
Data normalization was employed as a pre-processing step to improve model convergence and prediction 
accuracy, whilst K-Fold cross-validation was used to evaluate model performance considering the network 
architecture with different hidden units, which defines the complexities of the model that can be varied to 
achieve desired prediction accuracy. The deployment of the developed NN model in the energy management 
system supports scheduling algorithms in deriving key operation setpoints and dispatch decisions. 

 

 

 

Figure. 2. Schematic of Transfer Learning Mechanism 

 

The performance or prediction accuracy of the developed model is expected to drop over time due to changes 
in the actual system. Eventually, this model will become obsolete and not useful. Transfer learning helps to 
revitalise the prediction model using the latest operational (limited) data and critically utilize the useful 
information from the pre-trained model. Transfer learning can be carried out in different fashions, such as 
finetuning or updating the coefficients of the output layer or the whole pre-trained NN model using the latest 
operation data. This mechanism requires less data compared to the NN model developed from scratch. The 
transfer learning mechanism also helps to include or exclude targets to support any changes in the prediction 
model requirements. The next section will describe the workability and benefits of the transfer learning 
mechanism for the energy system application. 

 

3. Case Study – Gas Turbine and Performance Prediction 
Generators, renewables, and energy storage are the key distributed energy systems that help to generate, 
store, and support various forms of electrical and thermal energy. In the long run, some of the DERs show 
performance degradation due to wear and tear, especially those types of equipment with rotation or fast-
moving parts. Even a non-rotating system such as solar PV and batteries shows performance degradation due 



to ageing and depreciation of internal components. Interestingly, the solar PV manufacturer provides the 
expected performance degradation, whereas for other DERs, equipment usage and operation patterns play a 
dominant role in the performance degradation. This study focuses on gas turbines' critical distributed energy 
resources, categorized as a dispatchable system where the operation can be easily controlled based on the 
power requirements to fill the power deficit and synchronize with the grid frequency to absorb the fluctuations. 
This section will describe the necessity of a transfer learning algorithm for the gas turbine model and its 
benefits. 

 

 

Figure. 3. Schematic of Gas turbine and AI-based prediction model 

 

Gas turbines are widely employed to generate electrical power using clean fossil fuels such as natural gas, 
and even the waste heat available in the exhaust gas is recovered to support thermal loads. Figure 3 shows 
the schematic of a gas turbine, where fuel and air drive the turbine to generate power and exhaust gas. The 
heat energy in the exhaust gas has the potential to produce steam or hot water when diverted through boilers 
or heat exchangers. The recovered heat energy can be utilized in exhaust-driven absorption chillers to produce 
chilled water for air conditioning purposes [22]. Gas turbines are available in diverse capacities, ranging from 
a few kW to over hundred MW scale. Like any other system, a gas turbine provides high efficiency at rated 
conditions and low efficiency during off-load conditions. The life of the gas turbine is around 150000–200000 
hours, or 20 years with regular maintenance and overhauls. Experts and manufacturers confirm that this 
system shows performance degradation over time; some degradation effects are recoverable through proper 
and regular maintenance [23], whereas performance degradation due to ageing (due to wear and tear) are 
permanent and cannot be recovered. Any degradation in performance could result in sub-optimal operation 
conditions, affect the energy cost, and incur the risk of supply shortages. Therefore, actual performance needs 
to be accurately accounted for to understand the operation cost of the gas turbine and decide on the right 
combination of systems for dispatching purposes.  

 

Commonly, performance charts or technical data were widely used to gauge power output, fuel consumption, 
and fuel cost. Unfortunately, it is quite abstract and covers design conditions at standard temperature and 
pressure. Experts exploit physics-based models to generate performance charts for diverse conditions [24], 
this study utilized the gas turbine simulator adapted from TRNSYS to generate the performance data and 
understand the effect of degradation on the performance factors. TRNSYS is a state-of-the-art commercial 
simulation tool for industry and academia, based on an object-oriented approach that enables the simulation 
of the transient behaviour of systems focused on assessing the performance of thermal and electrical energy 
systems. The software is made up of two main parts: a simulation engine to solve the dynamic mathematical 
problem and a large library of built-in components or types (e.g., gas turbines, compressors, pumps, mixers, 
diverters, heat exchangers, etc.), often validated by experimental data. Type 625 has been adopted, utilizing 
technical data and performance maps of 3.5 MW gas turbines [25]. Exploiting the Type 625 model, the gas 
turbine performance parameters are derived for diverse output power and inlet air temperatures. Figure 4 
shows the performance characteristics of a new gas turbine, where the fuel consumption increases with the 
output power and the air intake temperature. The air temperature and output power also show an effect on the 
exhaust gas flow and temperature. 



 
 

(a) Variation in the exhaust gas temperature (b) Variation in the exhaust gas flow 

 

 

 

(c) Variation in the fuel consumption 

Figure. 4. Performance characteristics of Gas Turbine (without degradation) with reference to part-load 
behaviour and air intake (ambient) temperature 

 

Model GTD is a multi-layer perceptron (MLP-NN)-based neural network architecture prediction model 
developed using the performance data (17x15 = 256 data points covering 17 part loads and 15 air 
temperatures) representing a new gas turbine. Data normalization is applied explicitly to ease the convergence 
process and prevent any bias due to different data scales. Due to a smaller number of data po ints, K-Fold 
cross-validation was employed during training to obtain a more accurate estimate of the model's performance. 
The model GTD was trained using an ADAM (Adaptive Moment Estimation) optimizer with mean squared error 
as a loss function. The training epochs and the model complexity (hidden units of 8, 16, 32, and 64 units) are 
varied to identify the right architecture that provides acceptable accuracy during training and validation. Finally, 
the Model GTD with 64 hidden units was able to predict the gas turbine outputs with the required accuracy of 
0.998 R2 on the validation set. 

 



 

 

Figure. 5. Actual Exhaust Gas and Model GTD predictions (R2: 99.8%) 

 

 

 

Figure. 6. Actual Fuel consumption and Model GTD predictions (R2: 99.8%) 

 

The accuracy of the developed Model GTD model is shown in Figures 5 and 6. This model helps the scheduling 
algorithm make optimal operational decisions on an hourly or sub-hourly basis. The normalizers and 
coefficients, or weights, of the prediction model are preserved for later use.  

  

4. Performance of Pretrained and Transfer Learning Models  
The Model GTD prediction is expected to deviate over time because the actual gas turbine 

characteristics drift due to ageing and degradation. Any inaccuracy in the prediction could lead to suboptimal 
or inferior scheduling or operation decisions that may result in high energy costs or a potential supply risk. To 
retain prediction accuracy, a new prediction model needs to be developed from scratch using the latest 
operational data. In a real application, the gas turbine's operation depends on the loads and operation of other 
integrated energy systems. Therefore, it is challenging to get the latest performance data over a wide range. 
The possible collection of real-time operational data is limited and not comprehensive. In such cases, the 
transfer learning algorithm helps to develop the prediction model for the degraded system by capitalizing on 
the available information in the pre-trained model and the limited new performance data. This study leverages 
TRNSYS software to derive the performance data of the degraded gas turbine by applying reported 
recoverable and non-recoverable performance losses [28]. To account for the practical situation, only a few 
operational data points (roughly 10% of the 256 data points) of the degraded system were randomly selected 
for transfer learning. 



Previously trained Model GTD (with the same architecture and coefficients) are employed in transfer 
learning. The key advantage is that the preserved coefficients of the pre-trained model were adjusted instead 
of learning from a fresh start. 

•  Model TL1 is the transfer learning model developed by updating the coefficient of the whole pre-

trained model (Model GTD) using the latest available operational data.  

• Model TL 2 is the transfer learning model developed by updating the output layer coefficient of the 

pre-trained model using the latest available operational data.  

Interestingly, transfer learning requires less effort at around 100 epochs for coefficient adjustment to achieve 
reasonable predictions. 

 

 

 

Figure. 7. The actual and predicted gas turbine outputs (exhaust gas temperature, exhaust flow and fuel 
consumption)  

Figure 7 shows the accuracy of three prediction models, Model GTD, Model TL1, and Model TL2, with 
reference to the latest operational data comprising 256 points. Model GTD failed to predict the gas turbine 
performance accurately, and it deviates significantly in the fuel consumption estimation (as shown in Figure 8). 
Even the predicted exhaust temperature values deviated moderately from the actual values. The Model TL1 
provides better performance than the Model GTD, and interestingly, the predicted fuel consumption and 
exhaust gas flow are within the acceptable range. On the other hand, the predicted exhaust gas temperature 
deviates to a certain extent, especially at partial loads. Model TL2 provides superior performance over Model 
GTD and Model TL1. The prediction accuracy is around 99.5% (R2), within acceptable limits. Generally, Model 
TL2 is preferred when the user requirement (output variable or number of output variables) changes or its 
distribution changes. Consequently, Model TL1 is expected to perform better because all coefficients are 
adjusted using the latest operational data. Some of the deviations could be due to limited data. 

  

Figure. 8. Error distribution in the predicted gas turbine outputs (exhaust gas temperature, exhaust flow and 
fuel consumption) 

 

 



Fuel consumption is the key variable that greatly reflects the operation cost of the gas turbine. Regarding fuel 
consumption, the performance of Model TL1 and 2 are similar, showing marginal differences at certain data 
points. Deploying Model TL1 or 2 in the scheduling algorithm can improve operational decisions that lead to 
improvements in energy efficiency and a reduction in energy costs. Applying transfer learning regularly (once 
or twice) in a year is important to prevent plant-model mismatches by retaining the accuracy of the prediction 
model and safeguarding optimal operation decisions. Through careful deployment, this process can be 
automated to reduce manual involvement by predefining the data extraction, training, and update rules. This 
approach can be applied to other energy systems, especially those subjected to performance degradation over 
time, such as chiller systems, heat exchange equipment, etc. In summary, the performance of certain energy 
systems degrades significantly over time. Not accounting for the performance degradation could lead to 
suboptimal or inefficient operations of energy systems. While deriving the operational decision, the actual 
performance characteristics are essential to derive optimal operation set points. Therefore, the prediction 
model needs to be updated regularly to capture changes in the energy system's characteristics. In this context, 
transfer learning could assist in retraining or updating the prediction model with the limited operational data to 
capture and predict the performance of the degrading energy systems.  

 

Conclusion 
This study developed transfer learning models for the gas turbine system to improve prediction accuracy by 
eliminating plant-model mismatch and supporting operational decisions to gain energy and cost savings 
through efficient operations. The pretrained model cannot predict the degraded system performance and 
shows significant deviation, which highlights the need for transfer learning. Two transfer learning mechanisms 
were explored: Model TL1 was obtained by tweaking the coefficients of the whole pre-trained model, and 
Model TL2 was developed by tweaking the coefficients of the output layer alone. Both mechanisms utilized the 
latest (and limited) operational data and capitalized on most of the information from the pre-trained model. 
Interestingly, both models provide better accuracy than the pre-trained model. Comparing transfer learning 
models, TL2 outperforms TL1, which could be due to limited data availability to fine-tune all coefficients. 
Deploying Model TL1 or 2 in the scheduling algorithm could reflect the actual performance of the gas turbine 
and improve the operational or economic dispatch decisions for high energy efficiency and optimal energy 
cost. This approach can be applied to other energy systems whose performance characteristics are expected 
to change over time due to ageing and degradation. 

 

Nomenclature 
Abbreviations 

ADAM adaptive moment estimation 

AI artificial intelligence 

CNN convolution neural network 

DER distributed energy resources 

IoT internet of things 

MLP multi-layer perceptron 

Model GTD gas turbine model at design condition 

Model TL1 transfer learned model by updating the coefficient of the whole pre-trained model 

Model TL2 transfer learned model by updating the output layer coefficient of the pre-trained model 

NN neural network 

OECD organization for economic co-operation and development 

PV photovoltaic  

R2 coefficient of determination   

TL transfer learning 
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Abstract:
Building integrated photovoltaic (BIPV) systems are a crucial component of the transition to a low-carbon
energy system. However, current simplified models of PV cells and modules used in building and urban energy
simulations may not accurately capture the performance of various PV technologies under partial shading
conditions. In this paper, we propose a novel framework for modeling parametric BIPV arrays using a high-
resolution irradiance grid and a power model that operates from the evaluation of IV-curves at the cell level to
the AC to DC conversion in the inverter. This allows us to combine PV modules of varying sizes and electrical
configurations based on the selected inverter type, and to capture the operative benefits of multiple types of
cell technologies, module designs, and electrical layouts in building-based PV applications. We evaluate the
proposed framework by comparing its performance to measurement data and to three other frameworks found
in the literature through the simulation of two BIPV façades and a tilted rooftop array. The results show that
the proposed framework is necessary to account for partial shading (if present) as well as provide operative
details when the type of inverter to be used is in question. Overall, this paper presents a novel framework
for modeling the performance of PV cells and modules in building and urban energy simulations, which has
significant implications for the design and optimization of building-based PV systems.

Keywords:
Integrated PV, BIPV, Partial Shading, Simulation, Urban.

1. Introduction
Photovoltaics (PV) are becoming increasingly common elements of building and urban energy systems re-
search and optimisation [1, 2, 3]. However, we find that much of the research employs coarse level perfor-
mance modeling frameworks to parameterise expected PV output. Current standards within research rely on
low resolution irradiance estimations and simplistic conversion efficiency methods. These models were orig-
inally developed for PV systems that were largely unobstructed and used standard PV modules, such as the
arrays found in utility-scale ground mount systems and on rooftops. However, the low cost of PVs and the
need for rapid urban energy decarbonisation is leading to their use in environments where the boundary condi-
tions are less than ideal. Due to high degrees of partial shading, heat, and the need for custom module sizing
many systems may be installed and produce lower overall system efficiencies than envisioned during planning.
This has the potential to translate into less realistic assessments of lifecycle cost and carbon performance at
the system scale and grid stability and energy availability at the urban scale. Towards the goal of reducing
the performance gap for building and urban energy systems research we compare the results of different PV
performance modeling frameworks.
1.1. Objectives
In this paper we demonstrate that a highly detailed performance model can help modelers understand the
potential loss in an urban PV system. Additionally, we show that the high level of resolution may not always
be necessary and is dependent on the context of the geometry model (i.e. the spatial context of the surface
being evaluated). We describe a proposed modeling framework compiled from the literature, compare an initial
set of simulated performance indicators from the proposed framework to measured data sets. Then we apply
the proposed framework to several theoretical building integrated PV (BIPV) arrays; two façade arrays and
one tilted rooftop array. The results of these simulations will be compared to three common frameworks to
modeling BIPV performance, briefly described in Table 1. We compare the results in terms of modeling effort
and calculated PV yield and outline in which context which modeling resolution is best suited.
1.2. Research Questions and Hypotheses
We ask the following questions with proposed hypotheses for help guide the reporting of the research:



Framework Description

Surface Face The surface is divided by a single grid dimension and the center points of each
resulting face are used for irradiance simulations. Power is then extracted using a
simple power conversion model from the irradiance of the sensor point and the area
of the face.

Module Center The surface is divided by a BIPV array. The center point of the resulting modules
are used for irradiance simulations. Power is then extracted using a simple power
conversion model from the irradiance of the sensor point and the area of the module.

Cell Center The modules created by the Module Center framework are further divided into cells.
The center point of the resulting cells are used for irradiance simulations. Power is
then extracted using the power conversion model from the irradiance of the sensor
point and the area of the cell.

Cell IV The center point of the cells from the Cell Center framework are used for irradiance
simulations. Power is then extracted using a single-diode equivalent circuit model
from the irradiance of the sensor point and parameters of the selected module/cell.

Table 1: Descriptions of the four modeling frameworks used in the paper.

• Does the proposed framework produce accurate results?

◦ Evidence in the literature suggests that the proposed framework is a viable method of predicting
the yield of all module types. We aim to improve upon existing methods to bring more flexibility to
the framework and providing further clarification of when a more detailed method should be applied
over simpler methods.

• In what situations is it recommended to use the proposed framework over simpler methods (e.g. NOCT
or performance ratio)?

◦ We suspect that surfaces that are subject to mostly diffuse light or mostly direct light are candi-
dates for the simpler methods, while those that see a mixture of direct and diffuse light will not be
accurately characterised by these methods and require the more detailed method described in this
paper. We expect to see results diverge the most between the Cell IV and the other frameworks for
the façades while the rooftop arrays will be more consistent between the frameworks.

2. PV Modeling Frameworks
We define a PV performance modeling framework as a set of models and protocols that assist modelers in
assessing the power output of a PV array from the definition of the surface to the calculation of performance
indicators such as self-consumption (PVSC, i.e. how much of generated electricity is consumed). A framework
has three components:

1. Definition of the array geometry through the discretization of a surface.

2. Simulation of the effective irradiance (Geff [ W
m2 ]) on the array surfaces.

3. Conversion of the Geff to power (P [W]), either in direct-current (PDC) or alternating current (PAC), typically
expressed per timestep which is usually in hours, thus Watt-hours (Wh).

In the following sections we provide a review of the various PV performance modeling frameworks summarised
in Table 1. The first group, discussed in Section 2.1. are often found in the literature, vary in their degree of
spatial resolution, and utilise one of several power conversion methods. There are often functions of efficiency
and performance ratio, to convert Geff into PDC. After reviewing these methods we introduce, in Section 2.2.
the proposed high-resolution framework that we have compiled from several sources in the literature. This
framework relies on detailed spatially accurate models of module and cell placement, as well as high accuracy
irradiance simulations. The power conversion model is a single-diode equivalent circuit model from Bishop
(1988) [4] to characterise the electrical attributes of each cell before merging them system wide. It is commonly
applied in a less spatially resolute context (i.e. module center points) in power systems modeling for large
unobstructed PV arrays.



2.1. Existing module and surface based modeling approaches
The yield from a PV cell is, at its most basic level, a function of the solar irradiance of the cell and the cell’s
ability to act as a semiconductor through the photovoltaic effect to convert this energy into an electrical charge.
In practical terms for a modeling framework this can equate to simply multiply Geff of a module by an efficiency
(η) factor associated with the module. This simple conversion can enable very rapid assessment frameworks.
Rapid rooftop assessment platforms such as Google’s Project Sunroof or Mapdwell have been in place for
nearly a decade and rely on a combination of photogrammetry and often proprietary algorithms to estimate
the shading on a roof due to nearby objects such as trees or buildings. While these tools do allow individuals
to assess their rooftop PV potential quickly and with little to no barriers beyond data availability in their own
region. While accessible these tools are not extensible to facades and results for the same location vary
greatly between models, suggesting a high degree of inaccuracy is present [5]. In Switzerland a public tool
called Sonnenfassade [6] exists for any building in the countries database of 3D models and quickly calculates
irradiance using a performance ratio (PR) approach It uses this 3D model of a building along with local climatic
data and a shade horizon profile built up of nearby mountains, hills, buildings, and vegetation to estimate the
average yearly irradiation value in the middle point of the building’s façades. This is then multiplied by the
façade area and a PV PR of typically 80% to determine an annual potential yield value.
This was improved upon by Saretta et al. (2020) [7] due to a core inability in distinguishing potential win-
dows and balcony type projections on the façade. The update equation uses three reductions factors to more
accurately account for facade area based on a statistical database connected the the building age and type.
While more spatially accurate this approach still relies on the PR variable which is difficult to calculate without
measured data of a similar system or an accurate model of the system. Additionally, a system’s PR varies with
time and when considering the dynamics of grid pricing and storage is a key parameter to understand. A tem-
porally resolved approach exists in [8, 9], which employs similar methods to characterise potential irradiance,
but does so for each hour of the year through the input of Typical Meteorological Year (TMY) weather data and
angular modifiers to model reflection on the glass surface of a PV module. Other models exist as well such as
Huld’s modification of King’s model [10] or the PV Watts method [9]. These methods employ more advanced
methods of calculating output from the PV cell that are temperature dependent. To calculate module temper-
ature (Tmod [◦C]) the nominal operating cell temperature (NOCT [◦C]) model is often employed [11], shown in
Eq. 1, where NOCT is a parameter typically given on PV module data sheets and Tair ([◦C]) is the ambient air
temperature, and Geff must be given in [ mW

cm2 ].

Tmod = Tair +
NOCT − 20

80
· Geff (1)

While these models employ more complexity to characterise module performance through various uses of cell
temperature, but do not increase the level of detail used for calculating Geff. This increase in spatial resolution
can be found in the models employed in urban and building energy modeling tools such as in Fonseca et
al. (2016) [12] and Waibel et al. (2017) [13]. These approaches use 3D scenes to simulate irradiance on
any number of sensor points. In the former surfaces are discretized using a small amount of sensor points,
typically 2-5 m2 per sensor points, to reduce computation time. Daysim [14], a form of the validated lighting
simulation engine Radiance [15], is then used to conduct ray tracing for the sensor points, taking into account
any obstructions in the scene along with their reflectivity and transparency. The received irradiance is then used
with a variation of Eq. 2 to calculate the yield for an hour of the day. Here GSTC is the irradiance during standard
test conditions (STC) and PDC,STC [W] the power output. Similarly the latter framework uses ray tracing and
view factors to rapidly assess potential irradiance on a sensor point and use it as input to a variation of Eq. 2.

PDC =
Geff

GSTC
· PDC,STC (1 + γ (Tmod − Tref)) (2)

These methods improve upon the spatial resolution of the irradiance gathering portion of a necessary PV
performance modeling framework, but do not necessarily allow modelers to look at the performance of an
array from a module-specific perspective, as they still rely on generic parameters for the type of cell. For
module-specific calculations a method such as that employed in EnergyPlus [16] is necessary. The Sandia
Performance Model (SPM) [17], utilises module and cell specific parameters to characterise the performance
of the module being examined. It is also extended into a larger ecosystem of arrays and systems to account
for transmission loss, inverter loss, and other factors such as maintenance to provide a value for system-wide
grid-ready power PAC,sys. The limitation is that while the SPM uses a cell-based approach of sorts it does not
record the current-voltage (IV) curve of the module, just the output power for a timestep. This makes assessing
its performance within a larger electrical topology such as a central or string inverter based system difficult
as one needs to be able to calculate the maximum power point (MPP) that would come from the inverter or
maximum power point tracking device (MPPT).



(a) (b)

Figure 1: An example of a module under the partial shading of a tree branch (a) and its impact on the IV-curve
and power output (b) as compared the a module under standard test conditions. These results were calculated
using the proposed framework.

2.2. Existing cell based modeling approaches
When a module is partially shaded, as shown in Figure 1, it operates below optimum. This is due to unshaded
cells (high current) reverse-biasing shaded cells (low current) in a string, which leads to overheating in the
shaded cells and potential damage, referred to as mismatch. This is mitigated by bypass diodes to reduce the
risk of catastrophic failures, but at the expense of total output. It is therefore vital to parameterise these effects
in models of PV arrays if they are expected to operate under conditions with a great deal of partial shading.
Furthermore, new module types, such as half-cut modules employ less straightforward configurations of cell
arrangement and BIPV modules are typically highly customised such that contextualising the cells in module
not only in their series placement but also in parallel is necessary to entirely account for the location of bypass
diodes.
Additionally, specifying the type of electrical topologies as a part of the modeling framework is necessary to
account for the entire impact of partial shading on system performance[18, 19, 20, 21]. This is due to the way
in which current and voltage are accumulated when the IV curves of the cells and modules do not match.
Therefore, a highly detailed modeling framework should be able to model the impact of partial shading on a
bespoke module’s performance as well as throughout a larger electrical topology. Meyers et al. (2017) [22]
and Chaudhari et al. (2018) [23] describe a modeling framework for characterising the mismatch in PV cells
and modules to better account for partial shading on systems. Walker et al. (2019) [24] developed a workflow
to simulate PV modules using a cell-based approach that begins from simulating the irradiance on the cell or
an even finer resolution.
Both of the above approaches employ techniques for characterising cell performance that are crucial for mod-
ules under highly uneven irradiance such as reverse bias and bypass diodes. Additionally, modelers may want
to study arrays with different sized modules (which is common in BIPV design) or explicitly model changes
to modules such as front covers for aesthetics, or different bypass diode configurations during parametric
optimisation.

3. Methodology, Data, and Tools
In this section we describe the models and methods used to conduct our comparative analysis of PV perfor-
mance modeling frameworks.
First, we then describe the measured PV yield data (Section 3.1.) to which we compare the proposed frame-
work. For the simulations we use a common monocrystalline module type, Sharp Solar 235Wp (Sharp-NU-
U235F2). It was selected due to the availability of its parameters in the California Energy Commission’s module



database 1 and it is the sole module found in the measured data. Then, in Section 3.2. the two 3D models
that contain the façades and rooftop arrays which we use to compare the performance of the modeling frame-
works are described. Then, the four modeling frameworks are summarised. The first (Section 3.3.) is currently
common within the literature and employs simpler methods and lower levels of details than the third (Section
3.6.), which is the framework which we are proposing. We also describe the two other levels of detail that
operate between these two methods that improve on the spatial resolution of the first, but utilise the same
power conversion model; Module Center in Section 3.4. and Cell Center in Section 3.5..
3.1. Measured Datasets
We use a sub array from a rooftop installation at the United States of America National Institute of Standards
and Technology (NIST) to evaulate the performance of the proposed modeling framework’s power conversion
model. The dataset for the sub array (SC3) is reported on in detail by Boyd (2015) [25]. It contains minute
averages for a variety of sensors placed throughout a large rooftop array. The dataset was chosen for its
availability and clean data. Ideally the dataset to compare against would be one that is vertically oriented and
subject to partial shading. However, to the knowledge of the authors this does not exist. The array comprises of
84 modules of the module mentioned in Section 3.. Of the 84 modules there are seven strings of 12 modules
that are combined in parallel to create a single DC output stream. The recorded data from this output was
resampled into hourly data and compared against the IV-curve based framework. For the input Geff and Tcell
we rely on the measured data from within the array. Geff comes from a single silicon reference cell in the array.
Tcell is a mean value gather from several back-of-module sensors throughout the array. We evaluate the model
results using mean absolute error (MAE) and a qualitative comparison of the result distribution.
3.2. 3D Building Geometry
We conduct a comparative analysis between the proposed framework (i.e. Cell IV ) and the frameworks from
the literature to describe the differences in their output and identify situations in which it may not be worth the
computational cost of the more detailed method. To make the analysis more relevant to a broader audience we
identify two Representative façades to simulate through a clustering analysis of buildings in a district in Zurich
Switzerland. A third surface was added as well to compare a minimally obstructed rooftop situation. Clustering
was done on building morphology metrics extracted from the urban region following Biljecki et al. (2022) [26].
Principal Component Analysis (PCA) was used to reduce the parameter space before applying a K-Medoids
clustering process.2.
Clustering returned three archetypal buildings, for which the southern-facing façades were extracted. On one
of the buildings the extracted façade was unobstructed and it was decided to remove this from the analysis,
leaving the two buildings and façades shown in Figure 2. The upper roof section of Building B was used for
the roof analysis, where a 30◦ tilt facing south was assigned to the array. The buildings were modeled in a
Rhino/Grasshopper [27] 3D environment and a script was developed to add BIPV and rooftop module arrays
with each cell parameterized based on a landscape orientation of the PV module in the NIST dataset. Nearby
opaque context was modeled with a 20% reflectivity. A tree exists near one of the residential buildings. This
was modeled following Peronato et al. (2018) [28]. The scenes were used for ray-tracing to gather annual
irradiance profiles with hourly timesteps.
3.3. Surface-based framework
The existing approach for urban-scale analysis of photovoltaics is to evaluate one or several sensor points on
a facade and use those as the basis for the power conversion model. The surface’s are discretized using a
moderate resolution of two meters between each sensor point to reduce possible error to a negligible amount,
as recommended by Peronato et al. (2018) [28]. We remove the area where the window faces intersect with
the discretized grid cells to accurately account for the area available to potential PV. In the case of the rooftop
array, the flat surface of the roof was split into faces and the center points were assigned the surface normal
that would be associated with tilted modules, instead of rotating the faces themselves.
Typically the irradiance simulation would only be done for the sparse sensor points on the surface being anal-
ysed. However, due to the stochastic nature of the Radiance engine we use the irradiance map created for the
cell-based approach described in a later section. For this we simply take the mean value of the three nearest
points to each sensor point on the surface. This irradiance value, for both direct (Gdir) and diffuse irradiance
(Gdiff), is used to calculate Geff using Eq. 4 and Eq. 3.
Gdir and Gdiff are simulated for each sensor point using the enhanced 2-Phase ray-tracing method found in
Subramanian (2017) [29] using Radiance.3 They can be modified for any front-covers that an integrated PV
module may have using Eq. 3, which in the case of this study is a clear solar glass. Here Gx0 is the initially
calculated irradiance for the sensor point, either direct or diffuse. For floss a factor is dependant on the colouring

1https://www.energy.ca.gov/media/2367
2Implementation of the PCA and K-Medoids are from the Python library scikit-learn
3parameters: -ab 5 -ad 50000 -as 4096 -c 1 -dc 0.75 -dp 512 -dr 3 -ds 0.05 -dt 0.15 -lr 8 -lw 2e-07 -ss 1.0 -st 0.15
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Figure 2: The two archetypal façades and unobstructed roof (highlighted) used in the study are shown next to
their 3D models. In (a) we utilise a lower rise building in the district with a moderately obstructed facade and
nearby vegetation. In (b) we utilise a larger facade with more obstruction.

of the front cover and comes from [30].

Gx = Gx0 · (1 − floss) (3)
To calculate Geff for each sensor point we account for the reflectivity of the glass and front cover with an angle
of incidence modifier (AOI), shown in Eq. 4 for each timestep based on the location, orientation of the surface,
and tilt of the surface.

Geff = GdirK (Θ) + GdiffK (60◦) (4)
K is the angular response factor calculated following Martin and Ruiz (2001) [31], formulated in Eq. 5. K is
dependent on Θ and a dimensionless fitting parameter, ar, which is fixed at 0.17.

K =
e

1
ar

(
1 − e

cos(Θ)
ar

)
e

1
ar − 1

(5)

Given Geff of each sensor point, the power conversion model for each hour of the year, shown in Eq. 6, is
based on the nominal efficiency of the module(ηnom), total surface area available for modules (area), and a
performance correction dependant on the maximum power temperature coefficient of the module (γref) and cell
or module temperature (Tsensor) which comes from Eq. 1. In this instance we calculate area by subtracting the
area of windows found within each discretized section the façade from the area of the section. We account for
losses in the system due to soiling, cabling, and inverter loss using lmisc , which is fixed at 0.10.

PAC =
(

Geff

Gstc
· Ppeak · [1 + γref (Tsensor − Tstc)]

)
· (1 − lmisc) (6)

For the surface-based analysis we calculate Ppeak using Eq. 7 where Pnameplate denotes the standard mod-
ule capacity, Cnameplate denotes the number of cells in a standard module, Anameplate denotes the area of the
standard module, and Aface denotes the area associated with sensor point in the discretized surface:

Ppeak =
Pnameplate

Cnameplate
·

Cnameplate

Anameplate
· Aface (7)

3.4. Module-based framework
To represent another existing approach to modeling the performance of PV in urban arrays we evaluate sim-
ulated performance of modules placed into the surfaces analysed in the previous method. The modules are
assessed using a single irradiance sensor point located at the module’s center and the power conversion model
of Eq. 6, with the only difference being the input for Ppeak where we employ each module’s unique size. The
modules are created in a 3D model of the surface which begins by assuming that no windows or impediments
exist on the surface. Where they does exist the modules are cut into smaller rectangles. Then we replace Aface
in Eq. 7 with the area of each individual module.



3.5. Cell-based framework
We increase the resolution of the previous framework by calculating power for the center point of each cell in
the array’s modules using Eq. 6. The modules modeled in the previous framework are discretized by the cell
dimensions, frame width, and spacing between the frame. The input for Aface in Eq. 7 is then calculated based
on the cell dimensions.
3.6. IV curve-based framework
In this section we describe the proposed modeling framework for high-resolution BIPV analysis that is the focus
of this paper. Given the spatially discretized grid from the previous approach we improve the model resolution
here by changing the power model. We build on an existing approach for cell-based modeling found in Walker
et al. [24]. With this approach we have included a more flexible input for the module type that enables the use
of module sizes that are non-standard, which is common in BIPV design and occurs in the 3D models being
assessed in this study. With the modules and cells modeled in the 3D space, string connections of modules
are built up by first grouping modules of the same cell count into strings. Then the string with the standard
module size is split into separate strings with each string having the same modules of the same vertical height.
In preparation for the power calculation, each module is assigned four numerical arrays. The first contains the
Cartesian position of each cell’s center point. The second contains the surface normal of the cells. The third
represents to which bypass diode in the module that each cell belongs to. The final is used if a module has
multiple sub-modules in parallel, such as in a Half-Cut module, and represents to which sub-module each cell
belongs.
Geff is calculated in the same way as the previous framework but is applied to a different power model. The
power conversion model is more detailed in this approach as we calculate the IV-curve for each cell. Then, the
module IV-curve is compiled based on bypass diodes and string or parallel connections. With each module’s
IV characteristics, we evaluate the arrays for several electrical topologies: micro-inverter, string inverter, central
inverter.
The initial IV-curve for a cell is calculated following Bishop (1988) [4], using Eq. 8. This formulation follows
the common single-diode equivalent circuit model that is also applied by EnergyPlus [16] and in the method
of Walker et al. (2019) which we build upon. It is assumed that a single cell can be modeled as a portion of
the larger module. This is important as the parameters necessary for the single-diode model are typically only
given for a module as it was characterised during manufacturer testing. This approach uses the five-parameter
input from De Soto et al. (2006) [32]. This uses Geff, Tcell (which comes from Eq. 1), the short-circuit tem-
perature coefficient (αsc), diode ideality factor (nD), number of cells in series (Ns), the thermal voltage across
the cell (Vth), light generated photocurrent at reference conditions (IL,ref), diode reverse saturation current at
reference conditions (I0,ref), shunt resistance at reference conditions (Rsh,ref), and series resistance at reference
conditions (Rs,ref). The calculations provided by De Soto et al. produce the diode voltage (Vd), photocurrent
(IL), saturation current (I0), series resistance (Rs), shunt resistance (Rsh), and nNsVth. We use the default pa-
rameters for breakdown factor (a, 0.0), breakdown voltage (Vbr, -5.5), and the breakdown exponent (m, 3.28).
We include d2

µτ for completeness, but it is not used in this study as it is only relevant for amorphous silicon cells,
therefore it is assigned a value of 0. With the parameters assembled the IV-curve is calculated for each cell,
envisioning it as a single module. The resulting curve’s V values are divided by the number of cells in series
and the I values are divided by the number of cells in parallel.

I = IL − I0

(
exp

Vd

nNsVth
− 1

)
− Vd

Rsh
−

IL d2

µτ

NsVbi − Vd
− a

Vd

Rsh

(
1 − Vd

Vbr

)−m

(8)

This model enables the characterisation of the cell in the second quadrant of the IV-curve plot. This is the
characterisation of the reverse-bias potential of the cell. If two cells with mismatched curves are connected in
series and operated with the more illuminated cell’s maximum power potential, then the less illuminated cell
will draw current from the first cell. Thus, the real operation of these cells would require the more illuminated
cell to be operated at the level of the lower cell, limiting maximum power potential (MPP). It is this phenomenon
that is common in partial shading and we suspect is not well captured in the other three frameworks. Using this
approach all cell IV-curves are calculated and first connected in series within each diode pathway, following
Kirchoff’s circuit laws. Then the various diode pathways of a module are connected in series. If parallel
connections exist within the module then these are made to finalise the characterisation of each module’s
IV-curve.
From here the approach branches to simultaneously evaluate performance of the array using multiple electrical
topologies. This is essential for properly characterising MPP in each module as explained earlier, devices under
different illumination can limit each other to avoid reverse-bias.
First, individual modules are evaluated using a micro-inverter approach where DC to AC inversion occurs



along with the maximum power point tracking (MPPT). Then, using the same principles of series and parallel
connection within the module, strings of modules are connected and the MPPT and inversion is applied to
extract MPP for each string. Lastly, strings are connected in parallel to evaluate their power using a single
central inverter. We apply a simple 95% inverter efficiency to all inverter operations.

4. Results & Discussion
Here we present and analyse the results of the two portions of the study. First, the proposed modeling frame-
work is evaluated alongside a measured dataset. Second, the simulation results of the proposed framework
and surface-based framework are compared.
4.1. Evaluation of High-Resolution Proposed Framework
Figure 3 describes the two power outputs against Geff with a linear curve fitted to the data scatter. Qualitatively,
we observe generally good agreement between the two models at lower irradiance levels. However, with
higher irradiance levels the proposed model produces a larger PDC response. MAE and root mean squared
error (RMSE) of the two data sets is 0.73 kWh, and 1.41 respectively. Additionally, we do not observe in the
modeled data very low PDC response at high levels of irradiance, such as seen in the measurement data. We
suspect that in this case that much of the measurement array was covered by a shadow, but the censor cell
was not. Despite these points the standard deviation and variance of the measurement dataset is lower than
that of the model output.
The lack of multiple sensors throughout the array impedes our ability to model the array under heterogeneous
conditions, which is likely closer to reality. Factors such as cloud cover that may cover much of the array
while the sensor cell is still directly illuminated would then not be captured by the model. This could lead to
the over prediction that we witness. Additionally, the proposed framework is meant for vertical facades in an
environment with a lot of shading and a only slightly ventilated air cavity between the model and mounting
surface. A dataset that contains these attributes would be a better tool to evaluate and eventually validate the
proposed framework.
4.2. Comparison of Modeling Frameworks
Here we compare the outputs of the modeling frameworks and discuss their implications for use in larger
models. First we evaluate the received irradiance for each framework. Irradiance results for each framework
are influenced by the number of sensor points available to the ray-tracing simulation as this allows the ray-
tracing to more accurately depict objects that might shade the receiving surface. In Figures 4a-4c we show
difference between the irradiance, normalised by available surface area, levels across both of the 3D models
through their probability distribution functions. A trend emerges with each in that the Cell Center and Cell
IV framework have overlapping curves, while the Surface Face is closely aligned, and the Module Center
framework contains a time series of larger values. This is due to the self-shading of the array not being
captured by the center point on the module, whereas in the Cell Center and Cell IV a shared sensor grid is
used that has many points. The close alignment of the Surface Face model is interesting, due to it having many
less sensor points. This is worthwhile for future research.
In Figure 5a we show the discretized modules of the Commercial Building’s rooftop array. The selected date
was chosen for being the hour of the year with the maximum variance amongst the Geff values within each
modules, the value being indicated in Table 2. We can see that for the majority of the modules there is a
shaded section caused by the module in front. This leads to a high degree of variance across the module. In
the case of the Module Center the shaded portion of the module is not captured as only the central point is

Figure 3: Linear re-
gression of measure-
ment and modeled
data where Geff > 0.
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Figure 4: Comparison of the results of the simulations for each of the frameworks. (a-c) The probability dis-
tribution function for the irradiance intensity time series (8760 hours) for each of the three surfaces examined.
(d-f) Yield comparison resampled for monthly sums. (g-i) Linear regression of the irradiance intensity of the
module and the yield for each framework on the three arrays.

sampled to calculate Geff. This inability to capture self-shading extends to the Surface Face framework as well,
but due to the lack of rotation of the face the total irradiance available to these surfaces is limited anyway.
Looking at the other arrays in Table 2 we see some degree of variance across the modules but with means
around 1 and 3 W

m2 . This contributes to the yield of the arrays being more consistent amongst the different
frameworks, shown in Figures 4e-4f.
Simpler models such as the Module Center of Cell Center could be used in place of the much more compu-
tationally expensive Cell IV approach if the conditions for shading are met. In Figures 4g-4i we show linear
regression of yield and irradiance intensity on the module. As the variance found in the Commercial Facade
and Residential Facade are quite low the regressed models fit the data well. While still a good fit, the lowest
r2 is seen in the Cell IV framework of the Commercial Rooftop where, the regression is fit to a wider spread of
data points. For the same levels of irradiance intensity different levels of yield are found. This is because the
plot shows the irradiance intensity across the entire array, and does not reflect the activity in the modules under
mismatch conditions. The results shown for the Cell IV framework are those for a system with micro-inverters.
This type of electrical topology is able to handle the mismatch conditions well as maximum power (MP) track-
ing occurs at the module level. We show in Figure 5b the same array conditions in Figure 5a. Here the string
inverter system controls the MP of each row of modules independently while the central inverter controls the
MP of all modules. We see a drop in the yield if the system is configured with a central inverter due to the need
of the system to operate the southern-most row of modules at the same level as the other strings.
Computationally speaking the Cell IV approach requires the most setup, although all require the same 3D
geometry. From a computational standpoint the Cell IV require on average 800 seconds for each simulation of
a surface, while the other methods require around 120 seconds.4

4These numbers come from operating the models on a 2021 Macbook Pro with 8-cores (ARM).
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Figure 5: The irradiance intensity for the rooftop array on the 1st of April at 1400 (a) and the comparison (b) of
power output of the array for all three electrical topologies and the Cell Center framework

Commercial Roof Commercial Facade Residential Facade

mean 70.355 0.994 3.134
std 76.694 1.363 6.216
min 0.109 0.001 0.004

25% 9.591 0.204 0.345
50% 35.793 0.575 0.94
75% 115.716 1.228 2.087
max 319.586 12.575 55.133

Table 2: The descriptive statistics for
the standard deviation found within the
effective irradiance (W/m2) for each
module’s cell points across the year in
each of the three arrays.

5. Conclusion
In this paper we proposed a detailed modeling framework for the simulation of building-based PV performance
through the characterisation of system-wide IV-curves. This approach is based on existing work in the field with
some adjustments to capture a variety of potential electrical topologies. We evaluated this model’s performance
against measured data and found that the model generally over-predicts, with a mean absolute error of 0.65
kWh. We propose that to better tune the framework a better measurement dataset is needed that can provide
a more comprehensive picture of array-wide irradiance and cell temperature characteristics. Additionally, the
measurement data should be for vertical arrays under partial shading.
We compared the proposed framework to three common approaches found in the literature. We found that
in systems with self shading, the proposed framework is capable of capturing the impact on the modules
while surface based and module center based methods are not. The similarly spatially accurate cell center
based framework yields similar results, but with less computational expense. The three frameworks found in
the literature do not provide a way to compare between electrical topologies, which in the case of partially
shaded modules is necessary to evaluate which topology to choose. If you need to analyse different electrical
topologies the Cell IV framework is necessary.
Beyond this, more research is necessary to compare this framework to the proposed to determine in what
cases the more expensive method should be used. We believe though that this suggests that the type of
shading cast on the array is important in determining which model is necessary to most accurately predict
system yield. Future research should be dedicated to understanding the shading profiles and objects that
occlude arrays in order to classify them so we might use the type of shading to select the power conversion
model.

Acknowledgments
This research was conducted at the Future Cities Lab Global at ETH Zurich. Future Cities Lab Global is sup-
ported and funded by the National Research Foundation, Prime Minister’s Office, Singapore under its Campus
for Research Excellence and Technological Enterprise (CREATE) programme and ETH Zurich (ETHZ), with
additional contributions from the National University of Singapore (NUS), Nanyang Technological University
(NTU), Singapore and the Singapore University of Technology and Design (SUTD).



References
[1] Christoph Waibel et al. “Sensitivity analysis on optimal placement of façade based photovoltaics”. In:
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Abstract:
Energy communities are key actors in the energy transition since they optimally interconnect renewable energy
capacities with the consumers. Despite versatile objectives, they usually aim at improving the self-consumption
of renewable electricity within low voltage electricity networks to maximize the revenues of the community.
In addition, energy communities are an excellent opportunity to supply renewable electricity to regional and
national grids. However, effective price signals have to be designed to coordinate the needs of the energy
infrastructure with the interests of local stakeholders.
The aim of this paper is to demonstrate the potentials of energy communities at the national level with a bottom-
up approach. A district energy system having a building scale resolution is modelled in a mixed integer linear
programming problem. The Dantzig-Wolfe decomposition is applied to reduce the computational time. The
methodology lies within the framework of renewable energy hub, characterized by a high share of photovoltaic.
Both investments into energy capacities and their operation are considered. The model is applied on a set of
typical districts and weather locations representative of the whole Switzerland.
The extrapolation to the national scale revealed a heterogeneous photovoltaic potential throughout the country.
The actual electricity tariffs promote maximal investment into photovoltaic panels in every region, reaching a
capacity of 28 GW and generating 32 TWh per year. Since the forecast national energy need is between 12
and 18 TWh per year, a coordinated design is needed to prevent unnecessary investments. An uncoordinated
design increases the total costs of the residential energy system by 31% and curtails 24% of the onsite gener-
ated electricity. Moreover, the CO2,eq emission of the unnecessary investment is equivalent to 9% of the actual
emissions in the residential sector.
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1. Introduction
In 2018, the European Parliament has emphasized the role of energy communities in the energy transition
and has set up directives to facilitate their creation [1]. Their purpose includes the penetration of renewable
energies, the reduction of energy poverty [1], the enhancement of technological acceptance [2] and the im-
provement of the democratic process [3]. Energy communities aim at supplying the energy needs with high
self-consumption of local energy sources. The reduction of the electricity grid reliance prevents costly grid
reinforcements, therefore supporting a rapid electrification of the heating and mobility services. By 2050, Pho-
tovoltaic (PV) installations are expected to represent 50% of the electricity generation capacity worldwide [4].
More specifically, in Switzerland, the electricity demand is expected to reach 55 TWh/yr in 2050, from which 33
TWh/yr will be supplied by hydro power [5, 6]. The remaining electricity will mainly be supplied by PV capacities
(11 TWh/yr), wind turbine (4.2 TWh/yr) and geothermal energy (4.3 TWh/yr). The success of PV integration
seems to rely on a coordinated integration of energy communities within the infrastructure [1]. The involvement
of these actors in investments and operation decisions dictates the energy flows exchanged between the com-
munities and the infrastructure, ultimately affecting the whole energy network structure.

The definition of an energy community is broad but a consensus estimates that it is a local energy system
possessing distributed sustainable energy conversion units, both on the supply and demand sides [2]. The
concept of energy hub is usually used to model such systems. Multi-energy sources supply a multi-service
demand with conversion units being optimally interconnected and operated. Extensive reviews have been
carried out on this topic [7, 8]. The scale considered varies from local energy hubs, such as a residential area to



large scale systems including a whole country. Energy communities are usually built at the neighborhood scale
since the proximity facilitates the community governance while being large enough to promote an economy of
scale. Based on the literature review (Table 1), the scope of the studies mostly consider a single case study on
a neighborhood, resulting in a lack of generality. Some studies investigated the broad impact of local residential
systems with typical clusters and extrapolation but the scope relied on single building energy system [9, 10].
Therefore, the potential of energy communities to support the energy transition of the overall infrastructure with
renewable integration is yet not assessed.

Table 1: Literature review on energy communities: The resolution indicates the considered scale for the in-
vestment or demand profiles. The approach shows how the authors handled the complexity of the problem,
either by simplifications or by decomposition. The interdependent system feature highlights whether the study
considered decision interactions between buildings and between national and local decisions.

Case study Method Analysis

Scope Resolution Model Approach Regions
dependant

National
scope

Systemic
constraints

Interdependent
systems Reference

Country Building MILP Clustering ✓ ✓ ✗ ✗ [9]

Country Building MILP Clustering ✓ ✓ ✗ ✗ [10]

District Building MILP Pre-selection/profiles ✗ ✗ ✗ ✓ [11]

District Building MILP Profiles ✗ ✗ Grid ✗ [12]

District District MILP Profiles ✗ ✗ ✗ ✗ [13]

City Building Simulation Pre-selection ✗ ✗ ✗ ✗ [14]

District Building Simulation Pre-selection/scenario ✗ ✗ ✗ ✗ [15]

District Building MILP Bi-level ✗ ✗ ✗ ✓ [16]

District District MILP Scenario ✗ ✗ ✗ ✗ [17]

District Building MILP Scenario ✗ ✗ ✗ ✗ [18]

District Building MINLP Bi-level ✗ ✗ Grid ✓ [19]

District Building MILP Dantzig-Wolfe ✗ ✗ ✗ ✓ [20]

District Building MILP Dantzig-Wolfe ✗ ✗ ✗ ✓ [21]

District Building MILP Profiles ✗ ✗ ✗ ✗ [22]

District Building MILP Benders ✗ ✗ ✗ ✓ [23]

District Building MILP Bi-level ✗ ✗ Grid ✓ [24]

District District MILP Rolling horizons
+ pre-selection ✗ ✗ ✗ ✗ [25]

Country Building MILP Dantzig-Wolfe
+ clustering ✓ ✓ Grid ✓ This paper

Due to its network structure, modeling an energy community at the district scale with building scale resolution
usually exceed the computational power. Facing this problem, a popular method is to fix some degrees of
freedom by making assumptions and scenarios based on expert knowledge (Table 1). As an example, half of
the literature is assuming energy demand profiles or pre-determines the energy system configuration. To pro-
mote grid services and renewable energy supply, energy communities should be approached from a service
demand perspective rather than an energy demand one. This change of approach is beneficial since it does
not assume the type of conversion units [26]. Therefore, it provides flexibility to consider additional constraints,
such as the infrastructure capacity or trade-offs between investment and operational costs. In addition, consid-
ering each sub-systems within a single optimization reveals the inter-dependency of the decisions and do not
force the acceptance of a decision without accounting for the interests of the actors concerned [26]. Therefore,
assumptions and scenarios should be considered with care since they tend to oversimplify the view on the
problem. Despite the extensive literature existing on the topic of energy communities, a holistic framework is
usually not considered.

The main limitations found in the literature are the assumption taken on the type of conversion units installed
and the lack of systemic understanding on the role of energy communities. It is yet not clear to which ex-
tent these communities can supply renewable electricity to the national energy system considering the actual
infrastructure capacity. The performance extrapolation of various local case studies to the national scope is
very rare in the literature. Therefore, based on these research gaps, the present study aims at answering the
following research questions:

• What are the investment and operation decisions taken within energy communities?

• How does the decisions change with the geographic context?

• What is the potential for energy communities to supply renewable electricity in a country?

• What is the impact to consider the infrastructure capacity constraints?



2. Methodology
The energy community is modelled as a renewable energy hub, being defined as a system optimally inter-
connecting multi-energy streams and conversion units [27]. Additionally, the energy hub is characterized by a
high share of renewable energy and aims at maximizing self-consumption. The renewable energy hub is at
the district scale within a low-voltage electricity grid deserved by a low to medium voltage transformer. Service
demands of each building, such as domestic hot water, domestic electricity and space heating, are supplied
by conversion units and a gas and electricity utility. A mixed integer linear programming (MILP) formulation
optimizes the investment into conversion units and the operation of the energy system. The main decision
variables are the decision to install a unit (binary variables) and the size of the units installed (continuous vari-
ables). The conversion units include thermal units (air-water heat pumps, gas boilers, electrical heaters) and
storage units (thermal tanks and lithium ion batteries). PV panels are the main source of renewable electricity
and can be installed on the roof and facades of buildings. Their orientation is a decision variable as described
by Middelhauve et al. [27].

Energy and mass balances as well as heat cascade are the main constraints of the model. Electricity and
natural gas balances are applied at the building and district scale, allowing synergies between buildings and
between energy carriers. Equation (1a) shows the electricity balance between the building electricity fluxes
Ėgr

b,p,t and the LV/MV transformer exchanges E tr
p,t . A positive symbol represents an import of energy and a neg-

ative one an export. Decision variables are highlighted with bold characters. Additionally, technical constraints
are considered to model conversion unit and to account systemic capacity. Constraint (1b) is applied to re-
strict the power exchanged on the transformer level to a specified value Ė tr ,max . The electricity balance allows
sharing renewable electricity within the community to increase the self-consumption, thus reducing operating
costs and minimizing the transformer usage. To reduce computational burdens time series are clustered into
typical and extreme operating periods using the K-medoids algorithm. The model consider four sets: buildings
B, typical periods P, timesteps of the typical period T and units U. More details on the problem formulation
are given in the following thesis [9, 27].

∑
b∈B

(Ėgr ,+
b,p,t − Ėgr ,−

b,p,t ) · dp · dt = E tr ,+
p,t − E tr ,−

p,t ∀p ∈ P, ∀t ∈ T (1a)

Ė tr ,±
p,t ≤ Ė tr ,max ∀p ∈ P, ∀t ∈ T (1b)

2.0.1. Objective functions

The objective functions are described in (2a) to (2e). The total costs (TOTEX) encompass operating costs
(OPEX) and capital costs (CAPEX). The OPEX correspond to the annual energy costs and revenues from the
utilities. The electricity and gas retail tariffs are respectively cel ,+ and cng,+ and the feed-in tariff is cel ,−. The
variables E tr and Hgr ,+ correspond to the annual electricity and gas exchanges with the utility at the district
level. The CAPEX (Eq. 2c) encompass investments and replacement costs of conversion units. The costs
are annualized over an n years horizon with an interest rate i . The investment costs C inv are linearized with
fixed (ic1,u) and variable (ic2,u) costs and multiplied by the bare modulus bu [9]. The CAPEX is dictated by two
decision variables, the decision to install a unit (yu) and the size installed (f u). When a conversion unit has
a lifetime lu lower than the project horizon n, the replacement cost is given by the number of replacements R
over the horizon n. Multi-objective optimization is performed to evaluate the solution space at the interplay of
two conflicting objectives, the operating and capital costs. One objective is upper-bounded by a pre-defined
values using an ϵ-constraint while the second objective is minimized. Pareto fronts are generated by varying
the ϵ-constraints and by exchanging the objectives constrained and minimized.

TOTEX = OPEX + CAPEX (2a)

OPEX = cel ,+ · E tr ,+ − cel ,− · E tr ,− + cng,+ · Hgr ,+ (2b)

CAPEX =
i(1 + i)

(1 + i)n − 1
(C inv + Crep) (2c)

C inv =
U∑

u=1

bu · (ic1,u · yu + ic2,u · f u) (2d)

Crep =
U∑

u=1

R∑
r=1

1
(1 + i)r ·lu

· (ic1,u · yu + ic2,u · f u) (2e)



2.1. Decomposition
The energy community model has a building scale resolution, with case studies up to 100 buildings. Due the
network structure and long computation time, the Dantzig-Wolfe decomposition is applied on the original MILP
problem. The methodology is described in detail in [27]. The constraint matrix of the original problem is block-
angular. Each building energy system represents a subsystem independent from other subsystems except
for the resources balance and capacity constraints, being linking constraints. The model is decomposed into
two problems: a master problem (MP) and several sub problems (SPs). Linking constraints, such as energy
balances, epsilon constraints or the transformer capacity are included in the MP and represent the district en-
ergy system problem. The MP receives building energy system designs from the SPs and selects an optimal
configuration for each building by a linear combination of the proposals. Each design account for an investment
into conversion units and associated energy flows with the district low voltage grid. Within an iteration loop, the
SPs find new design proposals based on price signals sent by the MP. The latter correspond to the dual values
of the linking constraints that are inserted in the SPs objective function as Lagrangian multipliers. The SPs are
formulated as reduced costs, meaning that a solution with a negative value has the potential to improve the
MP objective. The algorithm terminates when the SPs cannot find negative reduced costs.

2.2. Key performance indicators
Key performance indicators (KPI) are used to quantify solutions performance. The self-consumption (SC) is the
share of onsite generated electricity being consumed within the district. The self-sufficiency (SS) corresponds
to the share of the electricity demand being supplied by onsite generated electricity. PV curtailment is the share
of onsite generated electricity being neither self-consumed, nor sold to the grid. Finally, similarly to the total
cost, the global warming potential (GWP) accounts for both the construction and operation emissions from the
consumption of energy resources (3d) as described in [27]. Emissions related to conversion units installation
are taken from the Ecoinvent database and are calculated with the method IPCC 2013 and the version 3.6.

SC = (Egen − Ecurt − E tr ,−)/Egen (3a)

SS = (Egen − Ecurt − E tr ,−)/(Egen − Ecurt − E tr ,− + E tr ,+) (3b)

PVC = Ecurt/Egen (3c)

Gop =
∑
p∈P
t∈T

(
gel ,TR

p,t · (E tr ,+ − E tr ,−) +
∑
b∈B

gng
p,t · Hgr ,+

b,p,t

)
(3d)

2.3. Case Study
Since Switzerland possesses 17’844 LV/MV transformers [28], a kmedoid clustering algorithm is applied to
find the most representative districts. The case study is built under a geographic information system (GIS)
approach to adequately describe the energy demand and sources. Clustering features consider real-estate
typologies (heating surface, roof area, service demands, building category, construction year) and geographic
ones (annual solar irradiation, average temperature, infrastructure density). Typical Swiss weather profiles had
been assessed for each district by Stadler et al. [9]. With this approach, versatile district typologies are con-
sidered within a single case study. The five most representative districts are selected for this case study. The
representative roof area of each typical district is used for extrapolation to the national scale. Figure 1 presents
the distribution of each typical district within Switzerland and Figures 8 to 12 provide a geographical visualiza-
tion of the district in the Appendix. The present study aims at analysing the impact of energy communities on
the national energy system. Therefore, it is assumed that each district in Switzerland is an energy community.

Most data are open source and provided by the Swiss government. The building characteristics, such as the
height, heated areas or types of construction come from cantonal and federal Official Buildings Registry [29].
Energy standards such as the envelope heat transfer, building heat capacity and domestic electricity demand
as well as the internal and external heat gains are calculated based on Swiss national standard norms [30].
These data are used to build the 1R1C thermal model of the buildings [31]. The outdoor temperature and
solar irradiation come from Meteonorm [32]. These time series are clustered into ten typical periods and two
extreme periods using k-medoids clustering. The project horizon is 20 years and an interest rate of 2% is
taken. The electricity and gas retail tariff are respectively fixed to 0.27 CHF/kWh and 0.14 CHF/kWh and
the feed-in tariff is 0.17 CHF/kWh. These values are based on the average energy tariffs in Switzerland for
the years 2022-2023 [33]. The carbon content of electricity are taken from [34] and equals 0.1 kg CO2/kWhel
both at the import and export. More details on buildings, units and weather data parameters are detailed in [27].



Figure 1: Typical districts distribution in Switzerland. The centroids differentiate the urban and weather typolo-
gies of Switzerland.

3. Results and Discussion
The discussion follows two axis. First, the decision trends taken within energy communities are analysed and
contextualised with their geographic and urban density characteristics. Multi-objective optimization between
the capital and operating costs is performed to extract the solution trends. Then, the solutions are aggregated
and extrapolated to the whole country. The potential of energy communities is analysed in terms of renewable
electricity supply. Finally, grid constraints and curtailment are applied to assess the cost and energy efficiency
impact of a coordinated and uncoordinated investment strategy.

3.1. Region specific Energy Community Investments
Investment trends into energy conversion units are summarized in Figure 2. The investment and operating cost
breakdown are presented respectively with red/yellow and green colors. The total cost of the system is located
on the right with the blue columns and the revenues from selling electricity corresponds to the white columns.
The figure shows the solution spectrum for the typical district 3, representing the countryside districts. The gas
boiler solution corresponds to the one with the lowest investment and highest operational cost. The latter is de-
creased by substituting the base load heat supply from the boiler with a heat pump. Then, the operating costs
are further decreased by a progressive investment into solar panels. Due to the profitable electricity tariffs, the
energy community reaches net zero operating cost with an average investments into PV units. The operating
costs are further decreased by an investment into batteries, allowing a larger investment into PV units and a
higher self-consumption. Depending on the interest of the actors, the energy community moves from a passive
energy consumer to a renewable electricity supplier for the utility. Similar solution trends are found throughout
the other typical districts, even though the magnitude of the investments varies. Figure 3 presents the pareto
optimal solutions for each of the typical district. Within the positive operating cost region solutions are similar
since they correspond to solutions with few PV integration. Therefore, heating and electricity services are
mainly supplied by purchasing energy from the grid and there is no interests into renewable electricity sharing.
On the other hand, within the region with high PV integration, the solutions diverge based on the geographic
location. The energy community with the lowest operating cost corresponds to the countryside one due to the
low building density, large roof surface area and a sufficiently large community allowing economies of scale.
On the other side, the district 4 has the highest operating cost, mainly due to the small size of the community.
Between the two extremum are located dense urban areas having a large economy of scale but a large energy
demand density and small mountain villages with low economies of scale and high thermal demand but large
roofs surfaces and high solar irradiation.

3.2. National scale impact of Energy Communities
The electricity tariff of today favors a high implementation of PV. Figure 4 presents a sensitivity analysis on
the annual renewable electricity generated by energy communities in Switzerland for a range of feed-in and
retail tariffs. Below a certain energy tariff, the PV investment is not profitable due to the affordable electricity
cost from the grid. The investment threshold is delimited by the lower black line. On the other side, the up-



Figure 2: Cost breakdown of the pareto optimal so-
lutions for the district 3 (Figure 11). The left column
represents the costs. The right column stacks the
total cost (blue) and the electricity revenues (white).

Figure 3: Pareto front for the 5 typical districts. The
number refers to the district label in Figures 8 to 12.

per investment limit maps the region where the PV capacity reaches its maximum of 28 GW, representing an
annual electricity production of 32 TWh/yr. Since the PV potential varies throughout the typical districts, there
exists a spectrum of solutions. First, the district with high solar potential are activated at low electricity tariffs,
then investments with lower profitability are activated as the price signals sent by the national infrastructure
becomes more attractive. Actual energy tariffs promote a full investment into PV panels, reaching a potential
of 32 TWh/yr. However, the optimal PV deployment in Switzerland ranges between 12 and 18 TWh/yr [5, 35].
Therefore, the price incentives should be located in the yellow and green areas. As a conclusion, there is a
discordance between the price signals sent by grid operators and the needs of the infrastructure, which could
result into costly grid reinforcements or curtailment. Such situations are socially unfair since the former induces
costs to customers and the latter might render some investments unprofitable. Ultimately, this conflicting sit-
uation might generates mistrust in renewable deployments, therefore in the energy transition. In the following
section, the impact of curtailment is analysed in terms of energy efficiency and costs.

Figure 4: Yearly renewable electricity generation from PV units in energy communities for the whole Switzer-
land. The electricity supply is presented based on the electricity retail and feed-in tariffs. Data were calculated
for the minimum total costs.



To support the analysis, two scenarios are considered. In the first one, an investment decision in PVs and heat
pumps is taken today. Then, PV curtailment is applied on the energy system. The operation and investment
into batteries are optimized with fixed sizes of PV and heat pump units. In the second scenario, the investment
and operation decisions of the overall energy systems are taken considering grid curtailment. Therefore, the
PV and heat pump capacities vary with the level of curtailment. The aim of these two scenarios is to assess the
impact of grid curtailment on a decision taken today. Figure 5 shows the load duration curve of the electricity
fluxes between energy communities and the national grid. The electricity tariffs promote a net export of elec-
tricity of 26 TWh/yr, 6 TWh/yr being self-consumed within the communities. The curtailed system reduces by
half the maximum export power. In the first scenario, most of the peak is removed while the base load remains
stable. This outcome is beneficial for the grid utility since the annual export is less intermittent and decreases
to 19 TWh. However, from the perspective of the households, the PV investment is oversized since the optimal
export with variable PV capacity would have been 15% lower (dashed red line).

Figure 5: Load duration curve of the electricity imports and exports for energy communities in Switzerland.
The unconstrained solution is constrained to reduce the maximum power peaks by half. Two design scenarios
are considered, one accounting curtailment in the investment decision (variable PV) and the other one being
imposed curtailment after investment decision (fixed PV).

Figures 6 and 7 further detail the energy efficiency, costs and impacts of the two scenarios. They compare
metrics to the level of annual electricity export. Based on the renewable needs of the national energy system,
an annual electricity export reduction by 8 TWh/yr is needed, decreasing the energy communities exports from
26 TWh/yr to 18 TWh/yr. With a fixed PV design, energy communities invest into batteries to compensate
the PV over-investment with self-consumption (Figure 6). For an electricity export reduction of 8 TWh/yr, the
battery investment is still not profitable and the SC and SS respectively increase to 18.5% and 50%. In the
second scenario, the consideration of the grid capacity in the planning phase decreases the PV capacity by
22%. This decreases the SS from 48% to 46% but increases the SC from 17% to 22% and minimized grid
curtailment (5%). The latter is 5 times higher in the first scenario (24%). While a coordinated design promotes
self-consumption with a well sized PV capacity, the uncoordinated one reduces export peaks only with curtail-
ment. The energy system is designed to generate large amount of electricity. Therefore, the high presence
of renewable electricity in energy communities makes the SS high and the system less flexible to reduce the
power peaks with self-consumption.

Since the peak shaving strategy of the second scenario is to decrease the PV capacity, the onsite generated
electricity decreases faster with peak reduction compared to the first scenario. To generate the renewable
electricity needs of the country, a peak reduction of respectively 41% and 58% is needed in the first and sec-
ond scenarios (Figure 7). This trend is as well visible on Figure 5 since the scenario with fixed PV capacity
has a flatter profile than the one with variable capacity. The oversized PV capacity and curtailment induces
a total cost difference of 31% between the two scenarios. The larger amount of electricity sold to the grid
in the first scenario do not compensate for the high investment cost on the contrary to the second scenario



where the total costs are balanced between lower electricity revenues and lower investments. From the GWP
perspective, both scenarios are usually net negative since they contribute to reduce the carbon content of the
grid. At an electricity export reduction of 8 TWh/yr, the scenarios respectively decrease the GWP by -1.5 and
-2.1 kg CO2,eq /m2. This has to be contextualised with the actual Swiss GWP of the residential sector, being
6.6 kg CO2,eq /m2 [36]. The difference of 0.6 kg CO2,eq /m2 between the two scenario is due to the embodied
carbon content of the PV installation in the first scenario. It represents 9% of the Swiss residential GWP and
1.5% of the direct GWP in the whole country [36].

Figure 6: PV and battery capacity with PV indica-
tors for the two scenarios based on the level of elec-
tricity export reduction. A reduction by 8 TWh/yr of
the unconstrained solution is needed in Switzerland.

Figure 7: Energy fluxes with the utility, costs and CO2,eq
impact metrics. All values are given after extrapolation
to the whole country.

4. Conclusion
The objective of this paper was to highlight the decisions trends within energy communities and their inte-
gration in the national energy infrastructure. The community is modeled as a renewable energy hub with
investment into conversion units. Typical districts are considered to extrapolate the results to the national
scale. Multi-objective optimization and grid constraints are applied to meet the renewable electricity supply
from the communities to the forecast national needs in 2050. The main outcomes of the study are listed below:

• The investment trends are homogeneous throughout the typical energy communities, even though the
investment magnitude into solar panels differs between urban, countryside and isolated areas.

• The PV potential of the residential sector in Switzerland reaches 32 TWh/yr. The associated PV capacity
is 28 GW.

• The actual electricity tariffs promote an excessive PV integration in the national electricity system. Based
on national guidelines, the annual electricity supply from PV panels could exceed by a factor two the
demand, being between 12 and 18 TWh/yr.

• Uncoordinated price signals induce an oversized PV capacity. Grid constraints curtail 24% of the gen-
erated electricity and increase by 31% the total costs compared to a coordinated planning, where the
energy communities design their energy system based on the needs of the infrastructure. Moreover,
the GWP difference between the uncoordinated and coordinated designs represent 9% of the residential
total emissions.



The presented results contribute to a better understanding on the decision inter-dependency between small
scale actors and national energy systems. The holistic approach encompassing various stakeholders within
a single optimization favors a coordinates energy transition and increases the technological acceptance into
a decision. Grid operators and national institutions should communicate properly the right price signals to
local stakeholders to prevent unfair investments and mitigate costs and emissions. The extension of the work
includes a better definition of the national infrastructure, accounting its energy flows and reinforcement costs.
To this extent, bi-level and nested decomposition methods have a high potential at linking optimization tools
modeling the various decision levels.

5. Fundings
The research published in this report was carried out with the support of the Swiss Federal Office of Energy
SFOE as part of the SWEET project acronym. The authors bear sole responsibility for the conclusions and the
results of the presented publication.

6. Appendix

Figure 8: Typical district 1: urban area Figure 9: Typical district 4: forest area

Figure 10: Typical district 2: suburban area



Figure 11: Typical district 3: countryside area Figure 12: Typical district 5: mountain area

7. Nomenclature

Table 2: Nomenclature Table

Abbreviation Definition

PV Photovoltaic
MILP Mixed Integer Linear Programming

CAPEX Capital cost
OPEX Operating cost
TOTEX Total cost

MP Master Problem
SP Sub Problem
KPI Key Performance Indicator
SC Self-Consumption
SS Self-Sufficiency

GWP Global Warming Potential
GIS Geographic Information System

E tr ,+ Electricity import from the low voltage transformer
E tr ,− Electricity export to the low voltage transformer
Egr ,+ Electricity import from the microgrid
Egr ,− Electricity export to the microgrid
Egen Onsite generated electricity
Ecurt Curtailed electricity
Hgr ,+ Natural gas import from the gas utility
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Abstract:
This paper investigates the potential of building attached / integrated Photovoltaic (PV) and vehicle-to-grid
(V2G) coupling for the city of Singapore. Using the city’s 55 planning areas as spatial units, a linear program-
ming (LP) optimization model is developed to determine economically optimal PV scaling and charge/discharge
strategies within and across planning areas. Mobility flows between planning areas are assessed using a large
set of GPS mobile phone records, from which electric vehicle (EV) schedules are derived. Local electricity
demand and solar potentials are modelled using a bottom-up approach based on building geometries and
land use information, and loads are calibrated to match measured aggregate city loads. Parametrized as-
sumptions in our model are systematically tested through scenario analysis, including varying carbon taxes,
PV system cost, EV penetration, wholesale electricity prices, and local building self-consumption levels. Our
study finds significant economic and environmental potential for PV systems, while economic benefits of V2G
are strongly scenario dependent but generally limited. This may be explained by the high on-site PV electricity
self-consumption potential due to the electricity loads generally exceeding PV generation. However, through
the aggregation to the planning area level in our model, local building-resolved mismatches in production and
demand were partially flattened, and thus the potential for V2G to act as intermediate storage can be expected
to be higher when modelled at a finer spatial resolution. In order to gain further insight, future research could
focus on combining large-scale city dynamics with more fine-grained local analysis, e.g., by limiting the analysis
to one district only, as well as incorporate explicit grid balancing constraints in the model.

Keywords:
Vehicle-to-grid, Photovoltaic, Linear Programming, District Energy, Optimization.

1. Introduction
Substituting fossil fuel-based energy generation with renewable sources, such as Photovoltaics (PV), and the
promotion of electric vehicles (EV), are two of the key measures to decarbonisation [13]. The aim of this
paper is therefore to investigate possible synergies between the two technologies, PV and EV, and study the
impact on energy-related cost and emissions if vehicle to grid (V2G) technologies were widely adapted at a city
scale. V2G relies on bidirectional chargers allowing EVs not only to charge their batteries but also discharge
stored electricity back into the grid. In this capacity they can be used as temporary storage devices for excess
electricity from renewable sources, participate in electricity arbitrage or even increase grid stability by providing
ancillary services.
1.1. V2G at a city scale
With the development of EVs as a potentially low carbon alternative to vehicles with internal combustion en-
gines (ICE), research has investigated their integration into the existing infrastructure. One area of concern
is the impact of large-scale EV adoption on grid stability, with studies highlighting the importance of charging
speed [25] and grid-related benefits of nighttime off-peak charging [18]. Control schemes can be specifically
designed to avoid grid overloads [7], or to optimize for either user preferences or grid cost [23]: When optimiz-
ing for user preference (i.e., optimal state-of-charge, SOC, for mobility demand), electricity may be drawn from
the grid during peak demand, leading to potential shortage concerns, whereas a grid-cost minimization can
relax the load on the power system. Smart charging strategies are therefore central to successfully combine
EVs with the intermittent production of renewable energies such as PV. The objective of coordination is often
to increase the self-consumption of locally produced PV-electricity by storing excess production in EV-batteries
[10].
Further increasing synergies between local production and EVs is attempted through bidirectional charging.
Energy stored in the EV battery can be discharged and consumed on site or fed back into the electricity grid

*These authors share first authorship.



(V2G). In this capacity vehicles can deliver stored PV energy at times of high demand or high electricity prices
or even provide ancillary grid services. Such concepts have been explored at the level of individual homes [8]
or in more aggregated forms such as parking lots [21]. At larger scale and with a focus on generating realistic
EV mobility patterns, Lin et al. (2018) [16] developed a multi-agent system to test the impact of different
charging schemes on a generated energy hub. By defining the behavior patterns of different agents (EVs,
coordinators etc.), an attempt was made to model realistic behavior patterns including parking duration and
charge probability. The study found that peak demand increased under uncontrolled charging scenarios, but
through coordinating behaviors the demand could be pushed into the valley period. When V2G was employed
the overall electricity demand increased significantly, but the operation of a supplementary gas turbine could
be reduced and heating and cooling costs fell significantly suggesting synergies between technologies.
V2G analyses at the city scale are scarce in the existing literature. One example is Kobashi et al. (2020) [15],
where the authors looked at PV and V2G interactions for the entire city of Kyoto with real world data. A techno-
economic analysis was conducted using hourly electricity demand and PV production at a city aggregate
resolution. Significant environmental and economic benefits were found when both technologies, PV and V2G,
were deployed in conjunction with each other. The study estimates average mobility patterns from survey
information and derives gasoline use and park times. However, due to the aggregation to the city level, local
mobility patterns or energy demands are not differentiated in the analysis.
1.2. Mobility flows from mobile phone data
Several studies employ mobile phone data to generate mobility patterns. This data can be obtained for a large
fraction of the population and is available in locations where other forms of statistics may be limited. Iqbal
et al. (2014) [14] demonstrate that mobility flows can be captured in the form of origin-destination matrices
using mobile phone Call Detail Records (CDR) and minimal traffic information without the need for detailed
demographic and mobility statistics. As such CDR data can also be used for traffic or infrastructure planning
in developing countries where data availability is low [9].
Mobile phone data has also been employed in relation to EV technology. Vazifeh et al. (2019) [26] used
CDR data of one million users to determine the optimal positioning of charging stations in Boston. To the
authors’ knowledge Schläpfer et al. (2021) [24] have been the only ones to use mobile phone data to assess
local V2G charging and discharging patterns and relate it to V2G infrastructure planning. The data used is
not CDR data but collected from a variety of apps. This allows for the implementation of different tracking
modes and offers the potential for more complete movement patterns. Using Singapore as case study, the
city-state was separated into a grid of 250m-by-250m cells and a trajectory for each user was derived as
their recorded locations moved to different cells. From these trajectories aggregate movement patterns were
determined which were then translated to EV vehicle movements. Simple, uncoordinated charging schemes
were deployed, where users preferably charged their vehicles during the sunny hours and discharge at night,
maximizing PV consumption. It was assumed that charging and discharging was possible in any location where
a user stayed for more than one hour.
The study found that a large part of the electricity was discharged outside of residential neighborhoods in
primarily commercial zones such as the Singapore Downtown Core. This contradicts the assumption that V2G
can mainly provide electricity to residential areas and encourages the inclusion of complex mobility patterns in
research. Household electricity was estimated and compared to V2G output assuming that 3% of the mobility
flows were covered by EVs. It was found that districts could cover up to 40% of the nighttime household
demand using V2G, although most districts fell between 10% and 20%. Comparing charging demands to
a simple estimate of PV potential found that local PV alone could likely not cover peak charging demands,
requiring other solutions such as smart charging or grid imports.
1.3. Contributions
PV and V2G are both essential elements of the Singapore Green Plan 2030 published by five government
Ministries as an outline towards the ecological transformation of the city-state [20]. The plan sets several
concrete targets to be reached by 2030. Included is the target to increase electric mobility by providing 60’000
EV charging stations throughout the island and the target to install 2 GWp of PV capacity (system peak demand
in Singapore by 2030 is projected to be 9 GW [1]). In this context, Singapore provides a good case for studying
the integration of PV and V2G. Therefore, the following research questions are investigated in this paper:

• How does the penetration of EVs and V2G technologies affect optimal scaling of building attached /
integrated PV systems, as well as cost and emissions of electricity?

• What levels of self-consumption and self-sufficiency can be achieved at a district scale?

• What is the impact of different boundary conditions, including local (i.e. building) self-consumption rates,
carbon taxes, PV system cost, EV penetration, and wholesale electricity prices on cost, emissions and
PV capacities?



The specific contributions are:

• As compared to Kobashi et al. (2020) [15], we increase the spatial resolution to the district scale in order
to capture local effects of a heterogeneous system.

• Building on Schläpfer et al. (2021) [24] as a first assessment of PV and V2G potential, we now investigate
economic feasibility in our study.

• Using a similar method for V2G mobility flow assessment, our study includes economic factors to assess
feasible PV scaling and optimal charge/discharge patterns in various scenarios.

• We also estimate and implement the full electricity load of Singapore at planning area scale and not just
total household demand.

• Finally, building energy demand and PV potentials for rooftops and facades are estimated using bottom
up simulations at a high 3D spatio-temporal resolution.

2. Methods
We develop a linear programming (LP) optimization model for the techno-economic investigation of optimal PV
scaling and EV charge / discharge schedules at the level of the 55 planning areas of Singapore. The LP is
described in section 2.1. and illustrated in Fig. 1. Other methods employed center around the LP to generate
following relevant spatio-temporal input data: electricity demand (section 2.2.), solar potentials (section 2.3.),
and mobility patterns (section 2.4.).
2.1. Optimization model
The LP model captures electricity, cost, and emission flows for each of the 55 planning areas in Singapore.
The temporal resolution is one hour. Calculations are made for one year. However, due to computational
constraints only four representative weeks were modeled. These were derived by clustering similar weeks
together. Results for each modeled week were then multiplied by the number of weeks in that cluster in
order to scale up to a full year. For each district a set of electricity consumers and producers with associated
electricity flows was defined. Three main components are included: Buildings, PV Systems, and EVs. Fig. 1
shows the basic structure of the model.

Figure 1: Overview of the LP optimization model. Blue arrows represent electricity flows, black arrows mon-
etary flows and emissions. Yellow boxes represent the main actors contained in the model, orange defines
planning area borders.

The majority of consumption in each planning area can be associated to buildings, with modeled demand
described in section 2.2.. The main way of meeting the building demand is through grid imports with associated
costs and emissions. Alternatively, demand can be met through installed PV systems. Unlike grid imports, PV
systems do not incur costs per kWh but rather one time installation and yearly operational costs irrespective of
electricity produced. The LP model can optimally scale PV over potential areas, deciding where it is financially
viable to install systems. Produced power that exceeds the local demand of a planning area can be exported
through the national grid. Exported PV generates revenue. Singapore offers contestable consumers the option
to buy and sell electricity at the wholesale electricity price (WEP). For modeling, this WEP was taken as the
basis for trading.
The final component represents EVs. When stationary, they can be charged or discharged using V2G. Dis-
charged electricity is fed back into the local energy balance and can be consumed within the planning area



or be exported through the national grid. When EVs drive from one district to another they carry their bat-
tery capacity as well as the electricity stored in their battery with them. Since the spatial resolution is the
planning area, all EVs in a location at a given time are represented by a single battery and are assumed to
have the same state-of-charge (SOC). If an EV enters a district with lower charge, the energy difference is
subtracted from the representative battery, and EVs with higher charge add their excess energy to the local
battery. Electricity consumed by driving is subtracted from the EVs battery.
The objective function of the LP represents total costs associated with Singapore’s electricity flows to meet the
total electricity demand and aims to maximize revenue:

max
x∈R

(fExport − fImport − fGridFee − fPV), s.t. x ∈ Ω, (1)

where x include operational variables for power flow within and between planning areas and design variables
for installed PV per planning area and different orientations (North, East, South, West, roof), and Ω are the
system constraints describing the energy balance and technology behavior. f are linear expressions describing
revenue generated from generated PV electricity or discharged electricity exported to the grid, as well as cost
occurring from imported grid electricity, market support charges on grid transmissions applied to imports and
to a fraction of local production to account for local transmission within planning areas, and annualized PV
installation cost. Grid carbon emissions are additionally priced with a carbon tax. Prices are obtained from
EMC (2022) [6]. A complete formulation and list pf parameters and model constraints can be found in Caviezel
(2022) [4]. The model was generated using the Python package Pyomo and solved using Gurobi.
2.2. Building energy demand modeling
The electricity demand for each planning area was modeled with a bottom-up approach using the energy
modeling software City Energy Analyst (CEA) [11]. The open-source tool can determine different energy
related time series for individual buildings based on building attributes, weather input, and site surroundings.
A pre-populated database with building archetypes and demand schedules exists for Singapore. For accurate
modeling, several attributes were derived for each building in Singapore. For the rest of the variables, CEA-
defaults were used.

Figure 2: Modeled electricity demand by sector after scaling and amplitude adjustment vs the total systems
demand. Period shown is January 1st to January 7th 2019.

2.2.1. Missing building heights

Individual building polygons with height and use type information were obtained from Open Street Maps and
data from the Urban Redevelopment Authority (URA), resulting in a total of 111’485 buildings. Only 21’755 of
the buildings had associated height information. We estimated the height of the remaining buildings using a
feed-forward artificial neural network (ANN), using the Keras library. After testing different ANN architectures
and manually tuning hyper-parameters, the final model resulted in a mean absolute error of 4.64 m and an
R-squared value of 0.75, indicating significant correlation. Considering Singapore’s large share of high-rise
buildings, we consider the error to be acceptable.
2.2.2. Clustering

Due to computational constraints, instead of simulating the 111’485 buildings of Singapore explicitly, we clus-
tered them into groups, similar to the approach taken by Murray et al. (2020) [19]. We used the following 5
attributes for clustering: (i) building use type, (ii) number of attached neighbouring buildings (0, 1, 2 and more),
(iii) total floor area, (iv) envelope to volume ratio, and (v) height/distance ratio to neighbouring buildings (sum of
the height of each neighbor divided by the distance to that neighbor). The clustering resulted in a total of 445



differentiated groups, representing combinations of the categorical attributes (i) and (ii). For each cluster, the
energy demand of the central sample was modeled in CEA and using a typical meteorological year weather file
for 2020 as generated from Meteonorm. To represent shading effects, for each modeled building (i.e., cluster
centroid), neighboring structures within a 50m radius were included as surroundings.
2.2.3. Calibration

To correct for the mismatch between simulated and actual electricity loads, the load curves were calibrated to
measured load curves. We could only find specific hourly loads for the residential sector in Raman & Peng
(2021) [22], representing aggregated loads of over 10’000 residential buildings. The demand curves of these
measured and aggregated profiles were found to have a smaller amplitude and the evening peak occurred later
than in the CEA profiles. Additionally, some days had a morning peak, others did not. The latter were assumed
to be weekends when inhabitants did not need to go to work. By adjusting the appliance, lighting and hot water
loads in CEA, a custom demand profile was generated which better matches these measured profiles.
The Energy Market Authority (EMA) publishes the annual electricity consumption by sector [3]. The previously
generated building demands were summed by sector and compared to these published values. The energy
use intensities (EUIs) of service, residential, and industry sectors were scaled to match annual values for 2019,
which was chosen as the year before the COVID-19 pandemic, where demand was not yet skewed.
High resolution demand information summed over the entire island is published by EMA in form of half hourly
systems demand. After scaling the modeled profiles to match the yearly demand, the systems demand was
used to assess hourly load distribution. It was found that the timing of minimum and maximum loads matched
well, however the amplitude of the modeled demand curve was much higher than that of the measured systems
demand. These differences were corrected by scaling the energy demands around their individual means. Fig.
2 shows the final, adjusted demand for the same period in January 2019. To get local hourly demand curves,
the adjusted demands for all buildings in a planning area were summed.
2.3. Solar modeling
Hourly solar irradiation for all building surfaces (roof and façade) was simulated on a 0.7m × 0.7m grid, resulting
in several million hourly solar profiles for the whole city of Singapore. The same weather file as for the building
demand simulation is used. Building geometry information was taken from Open Street Maps, and data was
kindly provided by researchers from Singapore [2]. The sum of geometrically available surface area per cate-
gory and planning area was adjusted according to scaling factors found in the SERIS PV Roadmap (2020) [1]
in order to get area suited for PV installations. Scaling factors are dependent on building and surface type and
were correlated to the sectors assigned in section 2.2.. Since using several million solar profiles would lead
to excessive computing cost in the optimization model, solar profiles were clustered into 5 categories (North,
South, East, West, roof) for each of the 55 planning areas respectively using k-Medoids. Thus, per district, 5
annual hourly solar profiles were utilized in the PV sizing optimization to represent the bulk aggregate surface
areas for each orientation. The software ClimateStudio, which is a plug-in for the CAD program Rhinoceros

3D, was used for simulating solar irradiation. An excerpt of the simulation results is shown in Fig. 5a.
2.4. Mobility patterns generation
To estimate local battery capacity, mobility demand, and the movement of residual energy in EV batteries,
mobility patterns were derived. Continuous patterns for one week were generated from a dataset of individual
mobile phone logs.
2.4.1. Dataset

A dataset containing mobile phone records collected from September 1st to September 30th, 2020 was ob-
tained from Citydata [5]. During the 30-day period a total of 108’971’459 logs were captured. Each log contains
a user ID, GPS coordinates and a timestamp. A total of 1’291’343 unique users are registered. The set covers
the whole island of Singapore. The number of logs captured varies throughout the month and throughout each
day (Fig. 3 (A)). 4:00 to 5:00 is the hour with least activity. This hour was therefore chosen as starting and
ending time for all modeling periods in order to minimize period overlapping activity. The data was collected
from users of a wide variety of mobile applications with a geospatial component. Citydata provides application
developers with an add-on software component which records anonymized location data. Different tracking
modes and log frequencies can be set by developers ranging from ”manual” where records must be manually
triggered to “HawkEye” with continuous tracking. According to Citydata, around 80% of developers chose “stay
detection” which is triggered by the crossing of geofences and thus mainly captures movement (Yeow Leong
Lee, personal communication 22.6.2022). The frequency of registrations for individual users varies strongly.
Often, bursts of logs are followed by long periods without records. Other users are captured once and then
disappear from the dataset (Fig. 3 (B)). Due to the prevalence of “stay detection” tracking, an assumption can
be made that in many cases movements are recorded and periods without logs indicate that users remain
stationary. The recording mode of individual logs is not indicated in the dataset.



Figure 3: Mobility dataset overview. (A) Cumulative logs contained in the dataset by hour of the day. (B)
Cumulative logs by day of the month. (C) Registration times for a random set of users.

Figure 4: (A) Schematic of the routing algorithm. Movement takes place from left to right. Points are classified
into route points (orange) or intermediate points (black). (B) An example route generated using OSRM starting
at the green waypoint and ending at red. Blue waypoints are routing points, grey ones are intermediate points.

2.4.2. Generating trajectories

In order to generate mobility patterns for a full week, the data was separated into four one-week periods starting
on September 2nd, 9th, 16th, and 23rd. Weeks were analyzed separately and later merged. One day before
and one after each period were considered for establishing the start and end location of the users. For each
time period, only users who had at least one log per day were considered to be reliably tracked and processed
further. A total of 56’794 unique IDs remained.
For each user an hourly trajectory was generated. Individual user logs were categorized into route points and
intermediate points. The route points were used to determine user trajectories while intermediate points were
dropped from further analysis. The first registration of a user in a period was taken as the first route point.
Subsequent points were classified as route points if the direct distance to the last route point exceeded 500m
or planning area boundaries were crossed. Fig. 4 (A) shows this in a schematic form. Starting with the first
orange route point on the left and moving right, points are classified into route points (orange) or intermediate
points (black).
Real world driving paths between route points were generated using the open-source routing machine OSRM

[12]. OSRM also provides an estimated driving duration. The registration time of a route point was taken as the
arrival time at its location. From this the estimated driving duration was subtracted to get the departure time
from the location of the last route point. To match with the time resolution of the LP, users were classified as
moving during hourly time steps where they either departed, continued a trip, or arrived at a new destination.
During full hours with no movement, users were considered to be stationary and associated with EVs available
for charging or discharging. Finally, the routes from all four weeks were combined into one aggregated week.
As it is assumed that users follow similar mobility patterns throughout the different weeks, users tracked in
multiple weeks were weighted accordingly. Movements by a user included in three of the four weeks were
therefore only counted as one third in each of these three weeks.
2.4.3. Anomalies

In occasional cases, logs from individual IDs were observed to jump between far apart locations in very short
intervals. In Singapore, car traffic is limited to 90 km/h and the public transport lines do not exceed 100 km/h.
A maximum speed of 120 km/h with respect to the direct distance of two log points is therefore set as an upper
limit. Logs implying speeds above this threshold are assumed to be GPS anomalies and are not counted as
route points. A second anomaly was detected in relation to routing. Occasionally, routes generated by OSRM

follow long and unintuitive paths between two route points. This is generally the case when points do not follow



the road layout either because the user is taking another mode of transport (e.g. walking or train) or due to GPS
inaccuracies. To reduce exaggerated distances and travel times, routes with route distance of more than 2.5
times the direct distance were corrected to have the average ratio between direct distance and route distance.
Travel times were adjusted accordingly.

3. Results
3.1. Inputs to Optimization
Fig. 5 and Fig. 6 shows some of the inputs used throughout the studied optimization scenarios. In Fig. 5a,
an excerpt of the 3D solar simulation is shown. According to our simulations, PV on buildings can generate
up to 15.2 TWh of electricity with 14.2 GWp capacity installed, assuming a conversion efficiency of 20% and
an installation threshold of 500 kWh/m2a solar irradiation on surfaces (see Fig. 3 in Waibel et al. 2021 [27]
for feasible thresholds in Singapore based on optimization). Alternatively, with a threshold of 750 kWh/m2a,
we can achieve a generation potential of 11 TWh and a capacity of 7.5 GWp. This compares well to the
SERIS PV roadmap [1], which reports a capacity of 8.6 GWp at 750kWh/m2a threshold, but also including
PV on infrastructure and floating PV. The total electricity demand of Singapore for 2019 was reported to be
51.7 TWh, where the industry sectors accounts for 21.5 TWh (41.5%), the commercial and service sectors
for 19.3 TWh (37.3%), households for 7.7 TWh (14.8%), and the transport sector for 3.0 TWh (5.8%) [3] (Fig.
6a). Therefore, PV on buildings could potentially cover 21% (750 kWh/m2a threshold) or 29% (500 kWh/m2a
threshold) of total annual electricity demand. In this paper, however, the optimization model will decide on the
actual PV capacities installed per district.
The annual electricity demand per floor area and planning area is shown in Fig. 6c; the annual solar irradiation
is shown in Fig. 6b. Districts dominated by transport have the highest average irradiation of 808 kWh/m2a,
followed by Industry with 796 kWh/m2a and Service with 756 kWh/m2a Planning areas with mainly residential
buildings have the lowest average solar irradiation per area with 663 kWh/m2a. As for electricity demand,
values vary significantly across planning areas, with residential electricity demand intensity being the lowest
and industrial the highest.

(a) Annual solar irradiation on roof and facades
around Downtown Singapore.

(b) Non-stationary users on the negative axis, and stationary users
by predominant sector of the planning area they are located in.

Figure 5: Inputs to the optimization: solar potentials and mobility patterns.

Fig. 5b portrays users tracked in the mobility dataset classified as stationary or parked. Planning areas are
grouped by predominant sector. Users in motion are plotted on the negative axis. A distinct driving pattern
can be observed with lowest activity during the night hours and peaks in the morning and evening. However,
shifts of occupancy between sector types throughout the day are minimal. Planning areas of all sector types
have their highest occupancy levels at night. These drop during the day. The sum of users is constant, drops
in overall stationary users represent users on the move.
3.2. Scenario Analysis
Multiple scenarios were generated by deviating individual parameters from a base scenario. The base sce-
nario reflects targets of the Singapore Green Plan 2030 [20]. Where possible, parameters were modified to
represent either current values (low environmental considerations) or targets and predictions for 2040 (high
environmental considerations). Amongst others, local self-consumption (LSC) [17] is used as a parameter in
our study. It is defined as PV electricity consumed directly by an individual building. Excess electricity needs



to be sent through the local grid, even if it is reconsumed within the same planning area in which case grid
charges apply. The LSC factor attempts to correct for this effect by applying scaled grid transmission charges to
electricity transferred within a planning area. The charge is applied to all local production (PV and V2G) but is
reimbursed when electricity is exported outside of the district, as in this case the full transmission fees are paid
in the planning area where the electricity is imported to. In contrast, district level self-consumption (SC) is a
dependant variable in our study and calculated with d total

w ,t ,l = dbuilding
w ,t ,l +xcharge

w ,t ,l −xdischarge
w ,t ,l , where x are operational

decision variables for charging and discharging batteries (including EVs), d is demand, and w , t , l are indices
for week, timestep (hours), and location (district). Detailed and complete parameter values are reported in
[4]. Fig. 6d to 6i show the fraction of PV production exceeding local demand at a time of production, district

(a) Districts by predominant sector. (b) Solar irradiation. (c) Annual electricity demand.

(d) Excess PV (base). (e) Self-consumption (base). (f) Self-sufficiency (base).

(g) Excess PV (best). (h) Self-consumption (best). (i) Self-sufficiency (best).

Figure 6: Singapore with results shown by planning area. Diagonal lines mark districts where no data was
registered.

level self-consumption, SC, and district level self-sufficiency* for the base scenario and an (environmentally)
best case scenario. In the base scenario a LSC value of 40% is chosen (between typical self-consumption
values without storage and values with dedicated storage found in [17]) and in the best case scenario 80% an
optimistic value still found in the literature, since Singapore has high demand compared to its PV production
capacity. In the base scenario, the prepandemic WEP from 2019 was chosen as a stable baseline. By 2022
the WEP had risen by a factor of 2.8. This was used as a multiplication factor to generate the best case WEP
from that in the base scenario. Additionally, full EV-penetration (600’000 EVS) was implemented compared to
10% penetration in the base scenario. In the best case scenario the fraction of excess PV increases to an
average of 6% under the best-case scenario with complete utilization of surface potential. All of this is found in
predominantly residential planning areas where the average is 10% with values reaching up to 49%. Excess
in other sectors is negligible. Self-consumption remains high with 95% and a range from 100% to 56%. Self-
sufficiency averages at 18% but can reach levels of 40% in districts where PV production is high compared to
local demand. It should be noted that, when running a scenario without V2G, the effect on average planning
area self-consumption and self-sufficiency was minimal with V2G increasing self-consumption by about 0.5%
and self-sufficiency by 0.03%. This can be explained by the generally already high levels of SC where EV

*Self-consumption represents the fraction of PV consumed locally while self-sufficiency describes the fraction of local demand covered
by PV.



electricity demand is negligible in comparison to total electricity demand.
3.2.1. Scenario Comparison

Fig. 7 shows a comparison of all studied scenarios and the difference in system cost, optimal PV capacities,
and CO2 emissions. Following parameters are used in the various scenarios: CO2 tax in S$/tCO2eq. = 0
(low), 60 (base), 95 (high); EV penetration in number of EVs = 3000 (low), 60’000 (base), 600’000 (high); PV
CAPEX = estimates from 2022 (low), 2026 (base), 2031 (high) as from [1]; wholesale electricity price (WEP)
= prices from 2019 (base), base × 2.76 (high), base × 0.5 (low); LSC in % = 20 (low), 40 (base), 80 (high).
Furthermore, some scenarios are calculated with or without PV, and with or without V2G. The colorbar range
is set to -30 to +30 %, but numeric values are indicated in the cells.
Results show that increasing LSC made PV systems significantly more viable with investment increasing by
257 Mio S$ or 59%, decreasing self-consumption reduced investment by 42 Mio S$ or 10%. Installed PV
capacity reached 8.6 GWp (57% higher than in the base scenario), import related costs decreased significantly
and export revenue increased with higher levels of self-consumption. Electricity related CO2 emissions are
reduced by 0.6 Mt/a in a high LSC scenario, while they marginally increase by 0.1 Mt/a in a low LSC scenario.
In summary, achieving high degrees of high LSC shows both significant economic and environmental benefits.
In all scenarios PV installations are able to significantly reduce costs and emissions of the Singapore electricity
market. The optimal installed capacity determined by the model ranges from 4 to 14 GWp depending on
the scenario. Under the base assumptions for 2030, the optimally installed capacity is 5.5 GWp. As such,
economically viable PV potential is significantly larger than the 2 GWp capacity targeted set in the Singapore
Green Plan 2030 [20]. Under base scenario assumptions PV systems can reduce carbon emissions from
electricity generation by around 3 Mt or 15% compared to the same scenario without PV.
The impacts of V2G are strongly scenario dependent. In the base scenario cost reductions due to V2G
technology come to only 7 S$ per EV and year. Savings can be increased up to 127.65 S$/EV/a under the
best-case scenario. The economic potential of V2G for self-consumption increase and electricity arbitrage is
therefore severely limited in all scenarios. Additionally, V2G increases CO2 Emissions in the base and best-
case scenario by increasing the overall electricity imported. Synergies between PV and V2G are minimal
although V2G does increase the economically viable PV area in one scenario (High LSC w/o V2G to High LSC
scenario).
3.2.2. Demand vs PV production

Fig. 8 shows average hourly building energy demand and PV production with optimal capacities from the base
scenario for a predominantly residential, industrial, and service dominated planning area, respectively. It is
striking that only in the first district, PV production exceeds demand, while in most other districts PV electricity
can only provide a fraction of total demand. Considering that the majority of total electricity demand stems
from industry and service/commercial use, most districts will not be able to export PV (also see Fig. 6d and
6g). For the commercial- and service sector, this is due to the constantly high cooling loads throughout the
year.
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Figure 7: Comparison of all studied scenarios with values shown as % deviation from the base scenario. Net
cost = PV Cost + MSC + CO2 tax + Grid import - Export revenue; MSC = market support charge; HLSC = High
LSC; WEP = wholesale electricity price.

3.2.3. Charging Schedules

Two modes of EV charging can be differentiated: Charging from the grid and charging using excess PV elec-
tricity. The second is defined as charging at times when local PV production exceeds local demand. Average
daily charge and discharge patterns for the entire EV fleet of Singapore are shown in Fig. 9, with optimization
results for the base scenario in Fig. 9a and for a high LSC scenario in Fig. 9b. In the base scenario, the two
charging modes are clearly separated. Grid charging takes place almost exclusively during the night when



electricity prices are low. Excess PV is available during the day but in much smaller quantities. Only 2.21% of
charging takes place using excess PV-power. V2G discharging takes place almost exclusively in the hour from
10:00 to 11:00 when electricity prices hit their highest point. The vast majority of annual charging electricity
is consumed through driving, a fraction is lost during the charging process. Only 7.2% are discharged back
into the grid. In the high LSC scenario, charging still took place primarily during the night and from the grid,
however the fraction of charging from excess PV is increased to 18.7%. Discharging was spread more evenly
with peaks during the morning and afternoon.

Figure 8: Average hourly building demand and PV production (capacities from base optimization) for three
planning areas with three predominant sectors: Tanglin is residential (A), Tuas is industrial (B), Downtown
Core is service dominated (C).

(a) Base scenario. (b) High self-consumption scenario.

Figure 9: Average daily charging and discharging modes and patterns for EVs.

4. Discussion
Kobashi et al. (2020) [15] found that V2G in combination with PV systems could significantly reduce energy
related costs and emissions in Kyoto. The difference in conclusions likely owes to both different model as-
sumptions as well as real differences between the two locations. The most significant difference appears to
be the result that local rooftop PV in Kyoto can cover approximately the entire annual electricity demand of the
city. This means, times of overproduction are much more frequent and the possibility of storing electricity for
later use becomes more valuable compared to this study, where PV generation rarely exceeded local demand.
Kyoto is stated to have a rooftop area of 51.1 km2 and an annual load of 8.1 TWh. In comparison, the area
sum of the buildings in Singapore is 90.0 km2 but the annual demand in 2019 was 51.7 TWh. This means that
the demand per roof area is significantly higher in Singapore. Additionally, Kobashi et al. assume that 70% of
roof area can be covered by PV whereas scaling factors used in this paper are significantly lower. Additionally,
the study aggregates the city to a single unit. No transmission fees within the city are applied.
Schläpfer et al. (2021) [24] used the same mobility dataset and a similar method for extracting mobility pat-
terns for Singapore. They also aggregated to the planning area level and found that for specific planning
areas, up to 40% of nighttime household electricity demands could be covered by V2G, but for most districts
this value was between 10% and 20%. These results were found using a first method assessment relying
on a simple charging/discharging scheme where economic effects were excluded. Our study now investigated
charging/discharging and PV capacity sizing based on a cost minimization. We found that under base assump-
tions for 2030 V2G under best case assumptions vehicle discharge made up 4% of the islands total demand
(or 26% of household demand). However, cost optimal charging took place predominantly from the grid during
night hours and discharging happened during the day. As such the transfer from PV electricity produced during
the day to the night hours was not observed. Our results show that future work should also increase spatial
resolution to better capture local mismatch of demand. This model assumes perfect foresight and focuses
on overall economic optimization and not e.g. load balancing or individual benefits to stakeholders. Control
schemes operating under bounded information and alternate optimization strategies could be explored.



5. Conclusion
This paper investigated the effects of electric storage from V2G technologies on optimal PV sizing on buildings
and associated system costs and operational emissions at the district scale for the city of Singapore. Scenarios
were based around the country’s climate targets (Singapore Green Plan 2030). Energy and mobility flows were
captured in an LP optimization model which defined PV scaling and charge/discharge patterns minimizing total
systems cost. Carbon emissions were included in the form of a CO2 tax. Three main inputs were generated:
(i) City scale mobility patterns derived from a large set of mobile phone GPS records, (ii) energy demand
at district level modeled using a bottom-up approach, and (iii) PV potentials using building geometries and
3D solar irradiation data. Different levels of local self-consumption were studied in a scenario analysis and
compared to a base case.
Average self-consumption at the district level was very high in all scenarios; under base scenario assumptions
it was 98% with a self sufficiency rate of 13%. These values were barely affected by V2G. In the best-case
scenario with maximum PV installations average sufficiency increased to 18% and self-consumption at plan-
ning area scale dropped to 95% but with a significant range. In this scenario V2G was able to increase
self-consumption by around 0.5%. Although impacts of V2G were low, the general expected effects were
found. V2G was able to increase self-consumption and reduce exports to the grid. Reasons for low impact
as compared to other studies are likely twofold. On the one hand Singapore’s economically viable building
PV potential is low compared to a relatively high demand. This means that PV only exceeds local demand in
specific locations and times. Especially residential areas with a demand curve that is low and runs counter to
PV production can generate significant overproduction and could be candidates for V2G. On the other hand,
through the aggregation to the planning area level, local mismatches in production and demand were partially
flattened and thus the potential for V2G to act as intermediate storage was reduced.
In order to gain further insight into the potential of V2G in cities like Singapore, future research could focus on
improving mobility demand predictions, and combining large scale city dynamics with more fine-grained local
analysis. Investigating additional cities could reveal location based effects. Finally, specific grid dynamics could
be modelled explicitly to account for further benefits of V2G such as grid balancing and frequency regulation.
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Abstract:
As one element of power system transition, distributed cross-sectoral energy systems (DCES) can provide
flexibility for the electricity market. So far, no applicable method for quantifying the flexibility potential of DCES
operation exists. Nonetheless, by comparing the flexibility demand of the electricity market and the electricity
flow between a DCES and the electricity grid it becomes possible to quantify market-serving flexibility of DCES
operation. In this work, we categorize aim and scope of already known flexibility quantification methods and
develop a new method to assess DCES market-serving flexibility covering residual load (RL). Part of this
method is the new developed quantification indicator Flexibility Deployment Index (FDI), integrating two factors:
The RL of the electricity market and the electricity purchase and feed-in of a DCES. By normalizing both factors,
operation of different DCES concepts and scenarios regarding their flexibility can be compared. The developed
quantification method is applied in a case study of a hospitals’ DCES in Germany. Using a MILP optimization
model with different technology concepts and scenarios, we study FDI variation for a fixed tariff, a dynamic tariff
and a CO2-emission-optimized operation. The results of the case study prove that high-capacity combined heat
and power units combined with thermal storage units lead to high flexibility provision. Also, the results outline
higher flexibility provision in the winter than in the summer period.

Keywords:
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load.

1. Introduction and motivation
The aim of this work is to develop a method to quantify the flexibility provision of distributed cross-sectoral
energy systems (DCES).
According to [1] flexibility demand results from the difference of electricity power consumption Pel and the
renewable energy (RE) generation PRE indicated by the residual load (RL) PRL in (1).

PRL = Pel ,consumption − PRE ,generation (1)

Presently, in the higher-level energy system of Germany, the requirement for flexibility demand of RL is primarily
fulfilled by conventional power plants, controllable RE, and storage power plants ( [2, 3]). However, with the
phasing out of coal and nuclear electricity generation [§ 4 art. 1 cl. 2 KVBG; § 7 art.1 AtG], significant flexibility
capacities are going to vanish, leading to the emergence of a potential flexibility gap ( [4,5]).
To address this challenge, one possible solution could be to explore the flexible operation of DCES. However,
assessing the flexibility potential of DCES is a non-trivial task due to the absence of a standardized method for
evaluating DCES flexibility.
Pina et al. [6] defines energy systems as cross-sectoral when they include at least one polygeneration unit,
such as a combined heat and power (CHP) unit, that can be supplemented by additional energy conversion
units and storage. These systems are referred to as distributed energy systems (DCES) when they serve as
local energy systems. DCES are primarily deployed in industrial, district, and building facilities with high energy
demands, such as hospitals, swimming pools, universities, and shopping centers.
DCES primarily serve the energy demand of their respective facilities. Any surplus capacity can be provided
to the higher-level energy system. However, since the availability of this capacity is time-dependent due to
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the volatile nature of facility demand, the flexibility potential of DCES cannot be accurately measured by their
installed generation capacity alone.
To develop a suitable characteristic value we firstly draft an understanding of flexibility in 1.1.. Based on this,
we define flexibility of a DCES in 1.2.. We show a literature review giving an overview of existing quantification
methods in 1.3.. We present various flexibility indicators and discuss whether they are sufficient for the targeted
quantification. Subsequently, we define requirements for a new quantification indicator in 2.1. and deduce and
introduce it in 2.2.. In section 2.3., we present a case study in which we performe a plaubility check of the quan-
tification indicator and in 3., we present the results of the case study. In 4., we conclude our results of the study.

1.1. Flexibility in the energy system
In [7–10], flexibility is described as a balancing service for a higher-level energy system. The flexibility purpose
is RE market integration and RE curtailment reduction by flexible electricity purchase and electricity feed-
in. Load-shifting is a technical implementation to offer this flexibility. Negative load-shifting is characterized
by the reduction of electricity generation, increase of load and charging of storage. Positive load-shifting is
characterized by the increase of electricity generation, reduction of load and discharging of storage. To gain
flexibility by load-shifting the requirements of the higher-level energy system need to be considered.
According to literature, flexibility provision can be divided into different characteristics ranging from capability
services up to technical assertions:

1. Flexibility options are technologies and operating modes of different fields of function in the energy sys-
tem that can provide flexibility. In Fig. 1 [11–14] show an overarching definition of these technologies
and operating modes and allocate them to the fields of flexible generators, flexible consumers (demand),
flexible storage and the expansion of the electricity grid. In this approach the flexibility options cover RL.

Figure 1: Fields of functions in an energy system with flexibility options covering RL. Figure in accordance
with [15].

2. According to [16]], three areas of flexibility applications exist. They describe the point of view of a flexibility
option:

• Market-serving flexibility does not depend on any physical necessity. It is exercised solely by prefer-
ences on the demand side. It comprises of the operation of individual market players, who optimize
their operation following an objective function regarding external signals (e. g. electricity price and
CO2 emissions).

• System-serving flexibility is intended to ensure the quality of supply in the electricity grid and thus
the security of supply. The main objective is to maintain the frequency by using balancing power
for the stability of the system balance of generation and demand. One instrument for providing
system-serving flexibility are operating reserves.

• Grid-serving flexibility is provided by the transmission system operators for energy system stability.
The focus is on grid congestion management for the interconnected systems and prevention of
bottlenecks. In Germany one instrument for providing grid-serving flexibility is e.g. ‘Redispatch’.

3. According to [10,17], flexible operation can be provided on different flexibility levels in the energy system
- the consumer, producer and storage level.

• The consumer level includes mainly energy demands. Consumer level flexibility can be divided into
consumption-side flexibility and load management. These are differentiated by their influence on the
energy consumer. The consumption-side flexibility has no influence on the consumer’s behavior, as
it results from flexibility of the energy supply units on the demand side. In contrast, load manage-
ment, also called demand-side management (DSM), has an impact on the demand time series and
thus has an impact for the consumer and the consumers behavior. The consumer level can also be
named prosumer level, if the consumer is also able to provide electricity to the grid.
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• The producer level includes controllable power plants that can be operated flexibly without external
constraints.

• The storage level includes large-scale storage facilities that can store electrical energy directly or
indirectly and thus provide storage flexibility.

4. In [18–20] the term flexibility potential is defined as the flexibility that a flexibility option can theoretically
provide. [19] differentiates the flexibility potential into the terms technical potential, technically usable po-
tential, socio-technical potential, economic potential and regulatory potential. [18] relates these potential
terms to each other according to Fig. 2. In this logic, the differentiation of technical potential from theoreti-
cal potential is in accordance with the technical restrictions of the flexibility option. The technical potential
is further constrained by the frequency of its flexibility call-ups, defined as the technical usable potential.
The technically usable potential is finally reduced to the usable potential by the economic, socio-technical
and regulatory potential. The economic restrictions of the technical usable potential are affected by the
economic viability of a callable flexibility option, which is mainly characterized by the revenue of selling
flexibility services. The socio-technical potential is the willingness of adjusting operation and services
for providing flexibility and depend on the extent to which the provision of flexibility leads to restrictions
in normal operation or the original intended use of the flexibility option. The regulatory restrictions are
defined by legislations of authorities and regulations of market access.

Figure 2: Classification of different flexibility potentials. Figure in accordance with [18].

1.2. Flexibility of a DCES
We classify the flexibility offered by a DCES considering the supply of electricity, heating, and cooling for a
facility, and we formulate an understanding of why and how DCES flexibility covers RL.
In this study the DCES is containing energy conversion and storage technologies in the form of a CHP, a gas
boiler, a compression chiller (CC) and thermal energy storage units (TES). Every unit represents a flexibility
option: The CHP unit, the gas boiler and the CC are flexible generators. The TES are flexible storage units. In
the following we consider the entire DCES as one flexibility option. The DCES can thereby provide flexibility to
the higher-level energy system by the electricity flows through the public grid connection.
As the focus in this study is on the cost-minimal operation, the flexibility application of the DCES operation can
be understood as market-serving flexibility. Though, it should be noted that market-serving flexibility can also
be interpreted as system-serving flexibility, as markets for balancing energy exist. According to [21], DCES can
also run in a grid-serving manner by considering grid bottlenecks. In this case, they might be installed close to
consumers.
The flexibility level of the DCES is the consumer level providing consumption-side flexibility. The DCES offers
load-shifting by sector coupling with the CHP and time flexibility with the TES. As no active adjustment of the
demand time series exists, DSM is not possible.
In this study, we focus on the usable flexibility potential of the DCES. The economic and regulatory framework
conditions are mainly determined by the electricity markets. The socio-technical restrictions are set by the
premise that the facility’s demand needs to be fulfilled at any time.
Based on this classification we define the flexibility understanding of the DCES in this study in an application
context: Constrained by the socio-technical, regulatory and economic restrictions, the DCES contains a usable
flexibility potential of market-serving consumption-side flexibility. The flexibility service does not primarily follow
a physical necessity. It follows the optimal operation of the DCES. The optimized operation is controlled by an
external signal under the premise that all DCES’ facility energy demands are covered at any time. Dependent
on the DCES’ energy conversion technologies and storage units, the DCES operation covers RL in the higher-
level energy system and thus, becomes a flexibility option.
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1.3. Review of flexibility indicators
To quantify the flexibility of DCES, several approaches can be found in literature. These approaches pursue
different understandings of flexibility and pursue different flexibility objectives and result in a variety of indica-
tors. However, none of these indicators allows to quantify the previously defined understanding of flexibility
covering RL.
The existing indicators are valid for different time periods. Beginning with the quantification of points in time
in [24, 26–29, 32], the period of the flexibility provision in [22, 23] and the quantification of a freely selectable
period in [22,27,28,30,31,33,34]. The indicators also differ in the use of a reference operation or no reference
operation in [22, 24, 26–29, 33, 34]. Based on the different approaches, also the number and types of used
parameter varies. As in [22–24] only the time t of a flexibility provision is considered, in [22, 24, 26–29] also
the power generation P is taken into account. In [22, 27, 28, 30, 31] both parameters of time and power are
combined to quantify flexibility with a parameter of the unit energy E . In [27, 30–34] also external parameters
of mostly cost signals and electricity prices are used. A distinction can also be made between relative result
values in [24, 26, 27, 31, 33, 34] and absolute result values in [22, 23, 27–30, 32] with parameters of the units
time, power, energy or costs.
The indicators from the literature can be categorized into indicators for time flexibility in [22–24], power flexibility
in [22, 24–29], energy flexibility in [22, 27, 28, 30, 31], energy efficiency in [27, 28, 32] and the quantification of
flexibility through external variables or signals in [27, 30, 31, 33, 34]. The indicators for time flexibility, power
flexibility, energy flexibility and energy efficiency focus on flexibility definitions concerning only single energy
units or separate energy systems. Only the quantification indicators of flexibility through external variables or
signals consider also the higher-level energy system. Though, RL is not considered in any indicator.

2. Method
As no adequate flexibility indicator exists in literature to quantify the above defined flexibility, we determine a
new indicator.
2.1. Requirements for a new quantification indicator
The new indicator is intended to quantify to which extend the market-serving flexibility of a DCES covers RL of
the higher-level energy system. The indicator should enable a quantification of the usable flexibility potential.
The focus is on quantifying the concurrence of the DCES operation with the higher-level energy system. The
indicator should be able to distinguish between positive and negative load-shifting at times with high or low
RL. Due to the wide range of other possible DCES configurations, it is important that the quantification takes
place on the basis of parameters which are applicable for a wide variety of DCES concepts. As the flexibility
understanding focuses on the electricity sector, the used parameters should also be electrical values. The
indicator should provide comparability of different DCES in different facilities and in different operation modes.
Therefore, it is advisable to use normalized values. Usually this leads to an appropriate outcome between zero
and one, which also presents the results in an easily and meaningful way. Further, the indicator should work
for different quantification periods (QP).
2.2. The flexibility deployment index
We develop the new quantification indicator Flexibility Deployment Index (FDI). It consist of different electrical
parameters. We consider on the one hand the electrical load-shifting through the grid connection of the DCES
to and from the higher-level energy system and on the other hand we consider the RL of the higher-level energy
system. Therefore, we set the system boundary around all DCES units and consider the DCES as a black box.
We display the flexibility offer with the load-shifting of the DCES by the Flexibility Potential Factor (FDCES,t ).
As can be seen in (2), the FDCES,t includes the electricity purchase Ppur and the electricity feed-in Pin of the
DCES at a time step t within QP as the set of all time steps. To align the power with the capacity of the DCES
and its facility’s demand, we normalize the power with the maximum and minimum electricity flow in QP. The
denominator is determined by a case distinction, depending on whether power is purchased or feed in. If power
is fed in (positive numerator), the maximum power feed-in during the QP is used as denominator. If power is
purchased (negative numerator), the maximum purchased power in the QP is used as denominator. The
FDCES,t has a possible range from - 1 to + 1, in which - 1 represents the maximum possible flexibility potential
from negative load-shifting. Conversely, + 1 represents the maximum possible flexibility potential from positive
load-shifting.

FDCSE ,t =
Pin,t − Ppur ,t

|PDCSE ,max |
with PDCSE ,max =

max
t∈QP

(Pin,t ) if Pin,t − Ppur ,t > 0

max
t∈QP

(Ppur ,t ) if Pin,t − Ppur ,t < 0
(2)

4



We display the flexibility demand based on the RL of the higher-level energy system by the Residual Load
Factor (FRL,t ). As can be seen in (3), the FRL,t includes the ratio of the RL PRL,t at a time step t to the absolute
value of the maximum positive or negative RL PRL,max within QP. For PRL,max we apply a case distinction. If
the RL is positive at a time step t , the maximum RL of the QP is used for PRL,max . If the RL is negative, the
minimum RL of the QP is used for PRL,max . Accordingly, the FRL,t differentiates between positive and negative
RL. It has a possible range of values from -1 to +1, where -1 corresponds to the maximum need for negative
load-shifting and +1 corresponds to the maximum need for positive load-shifting.

FRL,t =
PRL,t

|PRL,max |
with PRL,max =

max
t∈QP

(PRL,t ) if PRL,t > 0

min
t∈QP

(PRL,t ) if PRL,t < 0
(3)

As a typical DCES provides flexibility services predominantly in a kW or low MW range and the RL is to be
classified in a high MW or GW range, normalizing the load-shifting and RL values allows appropriate compari-
son of the two values resulting in the FDI. The comparison of absolute values would lead to very small values,
which would impede the comparability. Thereupon, the FDI in (4) puts the technical flexibility offer of a DCES
FDCES,t and the flexibility demand of the higher-level energy system’s RL FRL,t in relation to each other.

FDIt =


1 if FDIk ,t > 1
FDIk ,t if 1 ≤ FDIk ,t ≤ −1
−1 if FDIk ,t < −1

with FDIk ,t =
FDCSE ,t

FRL,t
=

Pin,t − Ppur ,t

PDCSE ,max
× PRL,max

PRL,t
(4)

A positive value indicates that the DCES load-shifting does support covering RL of the higher-level energy
system and a value of + 1 corresponds to maximum possible RL coverage by the DCES. A negative value
indicates that the DCES load-shifting does not support covering RL of the higher-level energy system and a
value of - 1 corresponds to maximum addition of RL by the DCES. Due to the division of the two factors, an
FDIt greater than 1 would occur in the case that FRL,t is smaller than FDCES,t . For this case, the assumption is
made that even with a small FRL,t , the absolute RL exceeds the absolute power flow of the DCES. Accordingly,
in cases where FDCES,t and FRL,t both have a positive or a negative algebraic sign, it results in a positive effect
for the higher-level energy system. If the factors have different algebraic signs, the FDIt is negative.
Averaging the values of FDIt over the number of all time steps nQP in (5) results in the average Flexibility
Deployment Index FDI. It shows the mean FDI over the QP resulting in a value between - 1 and + 1.

FDI =

∑
t∈QP

FDIt

nQP
(5)

2.3. Case study
To apply the defined flexibility indicator, we carry out a case study for the DCES of a hospital in Hattingen,
Germany. The hospital includes around 270 beds. Its heat consumption is 4239 MWh and its electricity con-
sumption is 2457 MWh per year. To determine the operation of the DCES, we use a mixed integer linear
programming (MILP) optimization model. We create the DCES model with our self-developed optimization
tool ESyOpT, which is based on the Python optimization-modelling library Pyomo ( [35]) and the open energy
modelling framework oemof ( [36]). With the mathematical solver Gurobi ( [37]) we calculate the optimized
operation for the minimum operating costs and for the minimum CO2 emissions of the optimized electricity and
natural gas purchase and feed-in. The demand data is obtained from measurements of the hospital.
We use two different energy system concepts of the DCES in three tariff scenarios. We perform the calculation
for one year in a resolution of 15 minutes.
2.3.1. Demand time series

For the input demand time series, we use the electricity, heating and cooling demands of the hospital measured
in [38]. The input demand data for one exemplary year has an electricity base load of about 250 kW and an
electricity peak load of about 400 kW. The heating base load is about 350 kW in summer and about 650 kW in
winter. Cooling is predominantly needed in summer. The cooling base load is around 35 kW at night. During
the day the demand rises to a peak of about 75 kW.
2.3.2. Energy system concepts

In the case study we consider two DCES concepts including a CHP, a gas boiler, an emergency cooler, a
CC, a TES for heating and a TES for cooling. The unit interdependencies are analyzed in [38]. Depicted
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in Table 1, we conceptualize one reference concept (ref ) and one optimized concept (opt), which enables a
flexible operation. The ref concept includes a CHP with an electrical nominal load of the electrical base load
of the hospital. The opt concept includes a CHP with an electrical nominal load of the electrical peak load of
the hospital.

Table 1: Units and parameters of the concepts in the DCES model.

concepts CHPnominal load, CHPpart load, gas
boiler,

heating
TES,

emergency
cooler, CC, cooling

TES,
kWel kWth % kWth kWhth - kWth kWhth

ref 250 348 n.a. 1500 n.a. yes 600 n.a.
opt 400 557 50 - 100 1500 519 n.a. 600 95

2.3.3. Scenario time series

We carry out the optimization for different tariffs. Depicted in Table 2, we use two electricity price tariffs and
one tariff, which implies the CO2 emission factor (EF). Furthermore, for the quantification with the FDI, we use
an appropriate RL time series.
2.3.3.1 Optimization tariff scenarios
We optimize the DCES operation according to the minimal costs and the minimal CO2 emissions. To simulate
the actual tariff structures we use a fixed price tariff (fix), including a fixed price for electricity and natural gas.
To simulate a optimized market-led operation of the DCES, we use a dynamic electricity tariff (dynamic) and
an EF time series of the higher-level energy system.
The fix tariff includes a fixed electricity price of 17.9 ct/kWh for electricity purchase and a revenue of 15.5 ct/kWh
for electricity feed-in. We adjust the prices to the mean prices of the dynamic tariff to keep the same price level.
The purchase and feed-in prices vary by taxes and levies.
The dynamic tariff includes the German intraday auction market price of 2021 (see Fig. 3a). The mean pur-
chase price is 17.9 ct/kWh and the mean feed-in revenue is 15.5 ct/kWh. The volatility is 1.42 ct/kWh deter-
mined by the hourly standard deviation. The purchase and feed-in prices vary by taxes and levies.
The EF tariff includes the specific CO2 emissions of the marginal power plant in the merit order in every time
step by the approach of [39] (see Fig. 3a). We use data of [40–42] for the German electricity mix in 2021.
Therefore, we use an average marginal EF of 589.1 gCO2 /kWh, which ranks between the EF of conventional
gas turbines (EF = 619 gCO2 /kWh) and combined cycle gas turbines (EF = 411 gCO2 /kWh). The maximum EF
is 1093 gCO2 /kWh for lignite-fired power plants and the lowest EF is 0 gCO2 /kWh for RE power plants. No EF for
the electricity feed-in of the DCES is needed to calculate the optimized operation.
In all tariffs we use a fixed natural gas price of 3.77 ct/kWh with an EF of 201 gCO2 /kWh ( [40]).

Table 2: The fix, dynamic and EF tariffs are the external signals for the optimization model.

tariff el. purchase el. feed-in volatilitya natural gas
fix 17.9 ct/kWh 15.5 ct/kWh - 3.77 ct/kWh

dynamic ϕ 17.9 ct/kWh ϕ 15.5 ct/kWh 1.42 ct/kWh 3.77 ct/kWh
EF ϕ 589.1 gCO2 /kWh - 90.06 gCO2 /kWh 201 gCO2 /kWh

ahourly standard deviation

2.3.3.2 Residual load time series
For calculating the FDI in every timestep, we require the time specific RL (PRL). As the RL depends on the
net electricity consumption (Pel,consumption) and the RE electricity generation (PRE,generation), we use consumption
and generation data from [43] for 2021. Figure 3b shows the composition of the average RL for the winter time,
the summer time and for one year.

3. Results
We calculate the DCES’ operation modes of the different concepts and scenarios and determine the FDI for
each operation.
3.1. FDI dependency on unit operation and RL demand
We analyze the changes of the FDIt in accordance with the DCES operation and the RL of the higher-level
energy system. Figure 4a shows the DCES electrical key figures in quarter-hourly resolution of the opt concept
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Figure 3: a) Hourly average electricity costs and hourly average EF. b) Composition of the hourly average RL.

in the EF tariff and the absolute RL for an exemplary day in winter. Figure 4b shows the corresponding FDCES,t
and FRL,t for every time step resulting in the FDIt .

Figure 4: a) The DCES electrical key figures in quarter-hourly resolution of the opt concept in the EF tariff
and the absolute RL for an exemplary day in winter. b) The corresponding FDCES,t and FRL,t for every time step
result in the FDIt .

Due to the high heat demand in winter, the CHP unit operates almost continuously at nominal load. But in
some time steps, the CHP operation becomes restricted by the EF tariff optimization. This CHP restrictions
result in additional electricity purchase. A detailed analysis of the DCES unit operation modes can be found
in [38].
Table 3 shows the resulting values of the FDIt for selected time steps. Among others, in the time steps at
04:00 am and 06:45 am a positive FDCES,t is present resulting from the electricity generation and surplus feed-
in. In the cases of no electricity generation at 00:45 am or additional electricity purchase at 11:30 am, the
FDCES,t becomes negative. Since the RL is positive for the whole day, the FRL,t is also positive in every time
step.
At 06:45 am, the DCES feeds electricity into the public grid and a positive RL exists in the higher-level energy
system. This coherency supports covering RL. So, the FDIt results in a positive value of 69.8%. At 04:00 am,
the DCES operation covers the RL even more as now the FDCES,t is greater than the FRL,t . The FDIt is at 100%.
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Table 3: FDIt calculation for single time steps of Figure 4.

Time step, t FDCES,t , % FRL,t , % FDIt , %
00:45 am - 45.9 16.7 - 100
04:00 am 81.2 23.4 100
06:45 am 33.0 47.3 69.8
11:30 am - 5.9 41.9 - 14.1

A positive FRL,t and a negative FDCES,t result in a negative FDIt . At 11:30 am, the RL is similar as at 06:45 am,
but now the DCES purchases additional electricity from the grid resulting in more RL for the higher-level energy
system. So, the FDIt results in a negative value of - 14.1 %. At 00:45 am, the absolute value of FRL,t is smaller
than the absolute value of FDCES,t but with different signs. The FDIt is at -100%.
3.2. Flexibility assessment over the quantification period
In Fig. 5 we calculate the FDIQP of the case study for the winter time, the summer time and one year.
As the ref concept contains a CHP with low nominal load and no TES, almost no load-shifting is possible. So,
the operation mode in every tariff optimization is the same and the FDIQP of the ref concept is also the same
in all operation modes.
Accordingly, in the ref concept electricity feed-in occurs only in a few time steps when the electricity demand
is lower as the nominal load of the CHP. In most other cases, electricity is purchased as the demand is mostly
higher as the generation. Thus, no differences in operation modes are possible and the FDI is mainly depen-
dent on the facility’s demand and the RL. This results in a FDI of -15.4% for one year for the ref concept. This
result shows that the DCES operation is increasing instead of reducing the RL.
The opt concept is useful to cover RL in the QP of one year in all tariffs as the FDIyear results in positive values.
The highest value for FDIyear is achieved for the operation mode in the dynamic tariff, followed by the EF and
the fix tariffs.
The seasonal differences result primarily from the different heating demands of the facility. In the opt concept
the CHP generates more electricity in the winter time, as it has lower restrictions of its’ heat excess. In the
summer time, the heat demand of the facility is lower, so the generated electricity by the CHP is lower. This
reduces the number of time steps with a positive FDIt .
In the opt concept only slight differences exist between all tariffs. Although the operation mode regarding the fix
tariff achieves the lowest FDIyear , the FDIwinter is higher than in the other tariffs. As Pagnier and Jacquod [44]
have proven a correlation between the RL and the electricity stock-market price in an energy-only-market, we
have expected the highest FDI in the optimized operation modes regarding the dynamic tariff in every QP. Also,
we have expected the FDI in the EF tariff to be higher than in the fix tariff in every QP as the EF might be
connected with the RL. Though, the FDIwinter is highest in the fix tariff. This gives an indication that although
the DCES operations have been optimized according to an external signal that supposedly correlates with the
RL, the operations still do not result in an optimized operation mode regarding the RL. Because of the volatility
in the flex and EF tariffs, the data show an arbitrage trading in the optimized operation modes using the TES.
This arbitrage trading is at the expense of RL coverage resulting in a lower FDIwinter compared to the FDIwinter
in the fix tariff.

Figure 5: The FDI of relevant QPs for two concepts in three tariff scenarios. The FDI is presented for the QP
of one year, summer time and winter time.
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4. Conclusion and discussion
With the FDI we provide a new method to quantify the flexibility of DCES operation to cover RL of the higher-
level energy system. As one element of power system transition optimized DCES operation regarding the best
possible FDI might thus cover RL and potentially substitute flexible fossil powered energy plants.
To deduce the FDI, we have outlined different understandings of flexibility and presented a specific definition
for flexibility considering the characteristics of a DCES. In this definition we have taken into account the usable
flexibility potential of a DCES and its flexibility level as a consumer, respectively a prosumer. We have con-
sidered the flexibility of the DCES’ operation modes and its connection with the higher-level energy system.
We have noted that DCES can be a flexibility option for covering RL in the higher-level energy system with an
flexibility potential.
We demonstrated in a case study that regarding the supplied facility’s demands and the DCES concept, the
DCES might not have a high flexibility potential and therefore a low FDI when storage capacity and electricity
generation are low. In this case, the FDI can only be increased by changing the DCES units or the facility’s
energy demand. We also studied the FDI of a DCES concept with high electricity generation and high storage
capacity. In this case, the FDI was higher. As Pagnier and Jacquod [44] have proven a correlation between
the RL and the electricity stock-market price in an energy-only-market, it was to be expected that an optimized
operation regarding a dynamic tariff might also lead to a higher FDI. Though, the effect was low compared
to changing the DCES electricity generation and storage units. Only minor differences between a fix and a
dynamic tariff could be noted. Also, the optimization regarding CO2 emissions of the marginal power plant led
only to little changes in the FDI. An optimization regarding the average CO2 emissions of the electricity mix
might lead to a higher FDI, but has to be investigated further. Furthermore, the RL of the higher-level energy
system has an influence on the FDI, as it varies regarding the RL curve of the considered QP. It might be
helpful to define an appropriate reference QP when using the FDI to compare different DCES operations.
Unlike other flexibility indicators, the FDI allows a quantification without a reference concept. Due to the use
of normalized factors it might be valid to compare the FDI of a DCES with other DCES of different facilities
including different units (e. g. heat pump, absorption chiller etc.) and variations in capacity within the same
higher-level energy system RL scenario. Though, in this study, the FDI was only applied for two DCES con-
cepts of the same facility. Following the principle of the FDI quantification, the method might be adapted for
even more energy applications interacting with the higher-level energy system. In this study the method was
applied within an energy-only-market and the assertion of the results is directly connected to this kind of mar-
ket design. Therefore, the presented quantification method needs to be proven in further studies for different
DCES concepts, facilities, energy applications and market design.
In summary, the results of the case study show that a higher electricity generation capacity and bigger storage
unit capacity in a DCES lead to a higher FDI. With the FDI we have developed an indicator to quantify the
flexibility to cover RL regarding the higher-level energy system.
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Nomenclature

Abbreviations

CC compression chiller

CHP combined heat and power unit

DCES decentral cross-sectoral energy system

DSM demand-side management

EF emission factor

MILP mixed integer linear programming

QP quantification period

RE renewable energies
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RL residual load

TES thermal energy storage

Symbols

c costs, EUR

E electric energy, kWh

EF emission factor, gCO2/kWh

FDCES flexibility potential factor, −

FRL residual load factor, −

FDI flexibility deployment index, −

FDI average flexibility deployment index, −

P electric power, kW

n number of time steps, −

t time, h

Subscripts

dem demand

el electricity

in feed-in

mpp marginal power plant

pur purchase
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Abstract:
Key elements of the energy system transformation are decentralisation, decarbonisation and sector-coupling.
Local energy systems are often customarily designed using heuristics for the technology layout. However,
optimisation of the design and operation of energy systems is considered a powerful tool. Therefore, we in-
vestigate the influence of an optimised layout and the coupling of the electricity and heat sector on economic,
ecological and technological criteria. Three variations from a reference energy concept are regarded for a
case study of unrenovated, residential buildings in the city of Düsseldorf, Germany. The concepts supply the
heat and electricity demands at different levels of sector-coupling. In a first step, the concepts are mathemat-
ically optimised by mixed-integer linear programming with the objective of minimising costs. Afterwards, the
results of the criteria metrics are combined in an overall performance score obtained by the Analytic Hierarchy
Process. We find that the concepts with an optimised layout do not only have lower costs, but also lead to a
significant decarbonisation by several hundreds of kg of CO2 annually. In the case of optimised layout, heat
pump and storage units have smaller capacities. Especially, storages are oversized under the used heuristic.
Nevertheless, the photovoltaic units are expanded by up to 300% in comparison to the heuristic layout. We
thus find an advantage of the optimised layout on the multi-criteria assessment, even though the optimisation
has only an economic objective. The coupling of the heat and electricity sector leads to CO2 emission savings
and a higher self-consumption of the PV energy produced within the system. The coupled system achieves
the highest score under the three criteria, irrespective of the building type. The overall best performance under
a sensitivity analysis of the criteria weights is found for the sector-coupled concept in the optimised layout.

Keywords:
ECOS Conference; Local energy systems; Mixed-integer linear programming; Multi-criteria assessment; Resi-
dential energy supply; Sector-coupling.

1. Introduction
The decentralisation and decarbonisation of national energy systems have been the focus of attention in en-
ergy system analysis during the recent years. National targets have been set up by many countries. These
targets influence the design of energy systems down to the scale of buildings. Consequently, local energy
supply concepts are required to be renewable and efficient. While the building owners and residents have a
direct influence on the installation and design of the buildings’ energy supply concepts, these building concepts
can also be a potential business model for utility companies [1].

When it comes to designing the energy concept, rules of thumb are often taken into account. This form of
layout, we call it the heuristic layout, can be compared to a layout which results from a mathematical optimisa-
tion, which we call the optimised layout. A comparison of different layout approaches has been performed by
Ogunmodede et al. [2]. The authors found that the technology layout was smaller for the case of optimisation
and therefore the system costs were lower. However, the system costs in the heuristic layout were already
lower than those in the given reference system which corresponded to a fully grid-dependent supply.

Another structural change, that is associated with the transformation of the energy system, is the coupling
of energy sectors. It has been shown that the sector-coupling has accelerated the decarbonisation of the Eu-
ropean energy system [3]. Thus, we enlarge upon these findings by investigating the effect of sector-coupling
on a building scale.

Moreover, the recent shifts in energy system analysis have been accompanied by the need for including mul-
tiple criteria in the analysis. Besides economic metrics, further factors have been considered: ecology [4–7],
technology [4,6–10], sociology [6,7] or regulatory framework [6]. The use of methods for Multi-Criteria Decision
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Analysis (MCDA) to assess energy systems is widely spread [7, 11, 12]. Many studies have thereby applied
the Analytic Hierarchy Process (AHP) [4–6, 8–10]. Hence, the energy concepts regarded in this paper are
analysed with AHP under multiple criteria.

The aim of this paper is to investigate the multi-criteria behaviour of local energy supply concepts under the
aspect of an optimised layout and the coupling of the electricity and heat sector. We examine the following
questions:

• What impact does an optimised layout have on local energy supply concepts considering economic,
ecological and technological criteria?

• How does the coupling of the electricity and the heat sector affect local energy supply concepts in terms
of economic, ecological and technological criteria?

In a first step, we describe the methodology of optimisation and assessment used in this paper (Section 2.).
Afterwards, we present the case of application and describe the investigated concepts in Section 3. The results
of the multi-criteria analysis are shown in Section 4. and discussed in Section 5. Finally, we give a conclusion
and outlook in Section 6.

2. Methodology
The methodology of this investigation is described by a two-stage approach. In the first stage, the local energy
supply concepts are mathematically optimised under a cost objective. In the second stage, the different opti-
mised concepts are regarded as alternatives and assessed under multiple criteria. Parts of this methodology
have already been described in [13].
2.1. Mathematical energy system optimisation
In order to calculate key performance indicators of the concepts, we perform a mathematical optimisation under
a cost minimisation objective. The concepts are thereby modelled as Mixed-Integer Linear Programs (MILP)
with ESyOpT®, a modelling tool based on the python package oemof-solph [14]. The considered optimisation
problems are solved by the Gurobi solver [15] with a branch-and-cut algorithm. The optimisation horizon com-
prises one year with an hourly resolution.

The python package oemof-solph provides a modular modelling framework of energy systems in which each
component, or technology respectively, comes with its own specific constraints for the operation and installa-
tion. The energy flows in the system are uniquely set by connections among the components. For the regarded
energy concepts of this work, we model the following components: the electricity grid, the gas grid, gas boil-
ers, thermal storages, photovoltaic (PV) modules, batteries and air-water heat pumps. The gas and electricity
grids as well as the PV modules are modelled as sources. The PV plant can be used in the building’s energy
system to meet the electricity demand, but the generated electricity can also be fed into the grid again. The
grid feeding is modelled as a sink of the system. The household demands for electricity, space heating and
hot water are represented as sinks, too. To implement the other components, we use the class Transformer
provided by oemof-solph to write our own models.

The gas boiler and the heat pump have an operational constraint on the outflow due to the minimum part
load (MPL). This means they can only be operated within the range of the MPL and the nominal power Pnom.
The gas boiler moreover has a constant efficiency while the heat pump has a time-resolved coefficient of per-
formance (COP) that is dependent on the ambient and the supply temperature, but not on ambient humidity.
The COP ranges from 1.53 to 6.40 according to a high-temperature air-water heat pump with a R407c refrig-
erant [16]. The heat storage is modelled with a capacity-dependent loss [17] and a level-dependent loss [17].
The battery is modelled with a fixed self-discharge loss of 0.025% per day [18] and degradation is not consid-
ered. The normalised power output per kWpeak of the PV plant is calculated using a pvlib-python model [19].
Data for investment and maintenance cost were taken from studies and market data [20–23].

We distinguish between two optimisation objectives and modelling approaches respectively - a heuristic layout
and an optimised layout. For the case of heuristic layout, we perform a dispatch optimisation with a rule of
thumb layout of each technology (Section 3.3.). We compare this to the case of an optimised layout in which
both dispatch and size of the technologies are optimised. The methods differ in their objective function f and
the components’ set of decision variables.

In the case of a heuristic layout, the objective function consists of the annual maintenance and operational
costs (OPEX ) of the concept:

min (fheuristic) = min (OPEXannual ) (1)
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For the case of the optimised layout, the objective function consists additionally of the annual investment and
installation costs (CAPEX ) of the concept and therefore equals the total costs (TOTEX ):

min
(
foptimised

)
= min (TOTEXannual ) = min (CAPEXannual + OPEXannual ) (2)

The mostly non-linear relations between the components’ sizes and their total CAPEX are linearised into a
fixed term CAPEXfix and a variable term CAPEXvariable to be incorporated in the MILP representation. In this
manner, scale effects can be considered. The total CAPEX are further discounted over the lifetime of the
technology to the year of investment, using the weighted average cost of capital (WACC).

CAPEXannual = (CAPEXfix + CAPEXvariable · SIZE) · WACC · (1 + WACC)LIFETIME

(1 + WACC)LIFETIME−1 (3)

The set of decision variables of the heuristic layout comprises operational variables Yop(t), which are binary
variables indicating whether the component is operating in timestep t , and the power in- and outflow Pin/out (t)
of the component. The nominal power Pnom of the energy supply technologies and the capacity Ecap of the
storage technologies have to be given for the case of the heuristic layout (Section 3.). In the case of the
optimised layout, however, these variables are optimised as well.
2.2. Multi-criteria decision analysis
The optimised concepts are assessed and ranked under economic, ecological and technological metrics. In
order to compare and rank the alternatives by only a single metric, a MCDA method is used. Since we aim
at obtaining one performance score for each alternative, we choose a method that follows a Full Aggregation
Approach [24]. The method used in this paper is the AHP [10,25].

In a first step, the metrics for the respective criteria are chosen. Afterwards their preference weights are
determined. And finally, the decision metric is determined.
2.2.1. Choice of criteria metrics

The chosen economic metric is the total annual costs (TOTEXannual = CAPEXannual + OPEXannual ). For the
heuristic layout the annual CAPEX are calculated in the postprocessing of the optimisation using the heuristic
sizes of the technologies. In the case of the optimised layout, the economic metric corresponds exactly to the
objective function.

The chosen ecological metric is the concepts’ total annual direct CO2 emissions which are caused by the
grid connections in the modelled energy concepts and do not consider indirect emissions that are caused by
production.

The technological metric, the energy performance EP, is computed from the self-sufficiency and the self-
consumption of the concept. The self-sufficiency SES is a measure for the grid-independence. This is cal-
culated as the relative amount of energy produced within the system boundaries (independent from a grid
connection) and used for the demands from all the energy in the system which fulfils the demands. A value of
0 indicates a complete dependence on gas and/or electricity grids while a value of 1 indicates a full indepen-
dence from these grids.

SES =
used energy which is produced within the systems boundaries

total used energy
(4)

The self-consumption SEC gives the ratio of energy produced within the system boundaries and used in it from
all the energy produced within the system boundaries. A value of 0 indicates no use of the energy produced
within the system boundaries for the system, while a value of 1 indicates full use of the energy produced within
the system boundaries for the system.

SEC =
used energy which is produced within the systems boundaries
total energy which is produced within the systems boundaries

(5)

The EP is finally calculated as the average of the two performance indicators:

EP =
SES + SEC

2
. (6)

2.2.2. Determination of criteria weights with AHP

The AHP was first introduced by Saaty [25] as a method of measurement with ratio scales. The method can be
used for criteria weight determination and alternative assessment. Both are used in this paper. The method’s
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Table 1: The AHP scale adapted from Saaty [25].

Absolute
scale

Definition Explanation

1 Equal importance Two activities contribute equally to the ob-
jective

3 Moderate importance of one over another Experience and judgement moderately
favour one activity over another

5 Essential or strong importance Experience and judgement strongly favour
one activity over another

7 Very strong importance An activity is strongly favoured, and its dom-
inance demonstrated in public

9 Extreme importance The evidence favouring one activity over an-
other is one of the highest possible orders of
affirmation

2,4,6,8 Intermediate values between the two adja-
cent judgements

When compromise is needed

basis is a fundamental scale (Table 1) by which the preferences of the criteria and the alternatives concerning
the criteria are identified via pair comparisons. For the determination of the criteria weights, a pair of criteria
(i , j) is compared according to the AHP scale. If i is preferred over j , the value in the pair comparison matrix
takes the value vAHP from the scale: aij = vAHP , while aji = 1

vAHP
, and vice versa. Note that all aii = 1. The

eigenvector of the first eigenvalue of the pair comparison matrix equates to the criteria weights.

The pairwise comparison of the criteria was performed through a survey in which employees of a local utility
company participated. The survey contained a pairwise comparison of economic, environmental and techno-
logical criteria. In total, eleven employees of the local utility company filled out the survey and each resulting
set of criteria weights was determined using the AHP method and the weights were then averaged. The final
set of criteria weights resulted in:

• economic: 0.33,

• ecological: 0.26,

• technological: 0.41,

which were used as default weights for the application of the ranking assessment with the AHP method.
2.2.3. Ranking of alternatives with AHP

The second step of Saaty’s method is the ranking of alternatives [25]. In order to perform a ranking of the
different alternatives, they are assessed according to the criteria and their weights. If the criterion is qualitative,
the algorithm goes equivalent to the process of weight determination (Section 2.2.2.). The alternatives are
pairwise compared concerning the criteria according to the AHP scale and the pairwise comparison matrix is
built. The first eigenvector of this matrix is calculated for all these qualitative criteria and saved for the next step
of the algorithm. The procedure for quantitative criteria deviates from the above-described step in the sense
that the normalised vector is built from the alternatives’ values for the given criterion. In case the quantitative
criterion has a negative ordered scale (meaning, a lower value is preferable), the alternatives’ values need to
be inverted in a first step, so that the highest value of the normalised vector corresponds to the best parameter
value for the given criterion. The matrix of the vectors for all the (qualitative and/or quantitative) criteria is
eventually multiplied with the vector of criteria weights. The performance score indicates the multi-criteria
metric for each alternative and the ranking of the alternatives follows these performance scores with the best
alternative being the one with the highest score.

3. Case study
To illustrate the described methodology, an exemplary case study for unrenovated, residential buildings in the
city of Düsseldorf, Germany, is carried out. We take three different typical buildings into account that comprise
one flat (single-family house, SFH), eight flats (multi-family house, MFH8) or twenty flats (multi-family house,
MFH20), respectively.
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3.1. Input data
The assumptions that are made for the annual energy demands and PV potential of each building type are
summarised in Table 2. Synthetic load profiles are simulated following VDI 4655 [26]. The norm provides

Table 2: Assumed annual energy demands and PV potential for each building type.

building type total space heating
demand [kWh]

total hot water
demand [kWh]

total electricity
demand [kWh] roof area [m2]

SFH 21000 2800 4000 65
MFH8 56000 9520 14320 175

MFH20 112000 21000 33000 175

reference load profiles of existing residential buildings for ten categories of typical days. These categories
are dependent on the seven-day-rolling-average of the ambient temperature, the cloudiness, and the day of
the week. Moreover, geographical information is used to multiply the reference profiles by a correction factor.
Through the algorithm provided in the norm, the annual demand is distributed over the year accordingly.

The optimisation results are obtained using the test reference year weather data set provided by Deutscher
Wetterdienst [27] and historical energy market data. The reference year for the energy market data is the
year 2021. We assume a household electricity tariff of 33.7 ct/kWh, a gas tariff of 8.3 ct/kWh and a PV
feed-in tariff of 7.3 ct/kWh. For the emission factors of the grid-related direct CO2 emissions we assume
420 g CO2/kWh [28] for the electricity grid and 201 g CO2/kWh for the gas grid.
3.2. Cross-sectoral local energy supply concepts
The reference energy supply concept (REF ) consists of an electricity grid connection and a gas boiler with
a gas grid connection and a thermal storage to supply electricity, space heating and hot water to residential
buildings. A schematic graph of the energy flows in the reference concept is shown in Fig. 1. In our analysis,
we first adapt the electricity sector of the reference concept, then the heat sector and finally a combination of
both adaptations in order to investigate the effect of sector-coupling. The adaptation in the electricity sector
(EA) is performed through adding the electricity supply option of PV modules on the buildings’ roofs with a
battery storage. The adaptation in the heat sector (HA) is performed through exchanging the gas boiler with
an air-water heat pump. These adapted concepts are shown in Fig. 2. Finally, both sectors are adapted
simultaneously in a coupled manner (SC) so that the PV power can be used for operating the heat pump. The
corresponding energy flows of the coupled concept are shown in Fig. 3.

Figure 1: Reference concept (REF ). The electricity, gas and heat sectors are indicated in blue, yellow and
red, respectively.

3.3. Heuristic layout of energy concept technologies
As mentioned in Section 2.1., one of the optimisation approaches is a heuristic layout in which the nominal
power and capacities of the technologies are kept constant. The heuristics apply to all concepts except for the
reference concept. A heuristic layout is given for the heat pump, the thermal storage, the PV plant and the
battery. A summary of all layouts is given in Table 3.
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(a) Electricity adapted concept (EA). (b) Heat adapted concept (HA).

Figure 2: Concepts that have been adapted in one sector. The electricity, gas and heat sectors are indicated
in blue, yellow and red, respectively.

Figure 3: Sector-coupled adapted concept (SC). The electricity and heat sectors are indicated in blue and red,
respectively.

The heuristic nominal power of the heat pump is computed according to the norm DIN-EN 12831, Supplement
2. According to the norm, the power is dependent on the hours of operation, the heating threshold temperature
Tlim as well as the ambient temperature Tamb and the annual space heating and hot water demands. In this
paper, we refer the hours of operation only to the heating period when Tamb < Tlim.

The heuristic to determine the peak power of the PV plant follows the simple rule that 1 kWpeak is assumed to
be able to produce up to 1000 kWh of electricity per year. Therefore, we divide the annual electricity demand
by the factor 1000 to determine the PV peak power.

The heuristic for the storage capacities of the thermal storage and the battery corresponds to the layout of
a 24h-storage, meaning that the storage capacity is chosen so that an average daily amount of energy in the
heating period can be stored. The in- and outflow power of the storages are configured so that the average
energy that is necessary in one hour can flow from or to the storage.

4. Results
4.1. Results of the different concepts and building types under the three indicators
The mathematical optimisation of all three concepts has been performed under the two different optimisation
objectives and for the three different building types. Additionally, the reference concept was optimised for each
building type. This equals to a total of 21 sets of obtained results.

When comparing the implemented sizes of the energy technologies in the case of heuristic layout (HL) with
the optimised layout (OL), we find that the storages have smaller capacities in the optimisation than according
to the heuristic. We also find that the heat pump does not need as much installed power if the concept is
optimised. However, the PV plant is built up to the limiting size of the roofs in the case of optimisation. For the
single family house, this corresponds to an amplification of about 300 % in comparison to the HL.

For all 21 sets of concept results, we analyse the three criteria metrics presented in Section 2.2.1. An overview
of the distribution of the criteria values is given in the radar charts in Fig. 4. Each axis of the graph represents
one criterion and spans the value range of the criterion’s metric in the set of results.
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Table 3: Heuristic power and capacity of the implemented technologies. (hp=heat pump, tes=thermal storage,
ba=battery)

building
type Pnom, hp [kW ] Ppeak , PV [kW ] Ecap, tes [m3] Pin/out , tes [kW ] Ecap, ba [kWh] Pin/out , ba [kW ]

SFH 14.86 4 2.81 2.72 12.82 0.46
MFH8 40.03 14.32 7.74 7.48 45.91 1.63

MFH20 82.48 33 15.7 15.18 105.79 3.77

The reference concept is found to be the concept yielding the highest CO2 emissions, irrespective of the
building type. This concept, plus the two concepts with the electricity adaptation, lead to EP = 0 because they
are fully grid-dependent. As expected, we observe for all concepts that the TOTEX decrease in the OL by on
average 27%. What is more surprising, the CO2 emissions also decrease by on average 11%. On the contrary,
the HL shows a better performance of EP. The latter is explained by the high SEC in the HL concepts.

(a) SFH (b) MFH8 (c) MFH20

Figure 4: Radar charts of the performance of the seven concepts in the three criteria for each building type.
The axes are defined by the resulting values from the concepts.

4.2. Results of the AHP ranking for the three building types
In order to condense the information about the concepts, we used the AHP method to determine overall per-
formance scores for each concept. Under the usage of the criteria weights presented in Section 2.2.2., we
determine the final rankings as shown in Fig. 5. The ranking orders of the concepts are mostly identical for the
different building types. For the MFH20, the ranking order of the two EA concepts is swapped. In all cases, the
sector-coupled concept with the HL obtains the highest performance score. This is to some extent surprising
as it performs worse in the economic and the ecological criterion than the OL of the sector-coupled concept.
However, the technological performance is higher than in the OL and it has the highest weight (Section 2.2.2.)
and is therefore dominating when the overall performance score is built with AHP.

In the rankings, we also find that the sector-coupled (SC) and the electricity adapted (EA) concept, in both
layout specifications, make the top four positions. On the other hand, the reference (REF ) concept and the
heat adapted (HA) concept obtain a significantly lower score. This, again, can be explained by the high weight
on the technological criterion and the fact that these three concepts are fully grid-dependent.
4.3. Sensitivity analysis of the criteria weights in the AHP method
The ranking results are highly dependent on the choice of the criteria weights. Therefore, we perform a com-
prehensive local sensitivity analysis of the criteria weights on the AHP performance score. The criteria weights
from the survey are regarded as default weights. Additionally, we vary each weight in the interval [0.0, 1.0] with
a step size of 0.1. While varying one weight, the other two weights are adapted while keeping the exact relation
that they had in the default weights. The ratio of the economic to ecological weight is 56 : 44, the economic to
technological weight is 45 : 55 and the ecological to technological is 39 : 61, respectively.

The resulting graphs are shown in Fig. 6. It is clearly seen how the concepts’ performance differs under
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(a) SFH (b) MFH8 (c) MFH20

Figure 5: AHP Ranking results for each building type.

varying weights. From the graphs, it is noticeable that the scores of the REF and HA concepts, for the increase
in each weight, show opposite trends to the SC and EA concepts. Moreover, the trends are equal for the
economic and ecological weight, while the trends are swapped for the technological weight. However, there is
one exception to this observation. The score of the electricity adapted concept in the OL rises with increasing
economic weight. From Fig. 4 we see that this concept has either the lowest or second to lowest TOTEX
(depending on the building type) and therefore the overall score benefits from a higher emphasis on the eco-
nomic criteria. Another observation is that the value range of the resulting scores is the highest in the case of a
high technological weight. This is induced by the value of EP = 0 for the three grid-dependent concepts which
makes them uncompetitive. On the contrary, for high economic weight or high ecological weight, the scores of
all concepts are close to each other.

Figure 6: Sensitivity analysis on each criterion for each building type. The blue dashed line in each graph
indicates the position of the default weight ranking. The top, middle and bottom row shows the analysis of the
economic weight, the ecological weight and the technological weight, respectively.

The results of the sensitivity analysis are further used as a sample for the overall performance analysis of the
concepts. The data points of Fig. 6 build a representative set of the concepts’ performance results under
multiple criteria. Each concept with a corresponding layout choice has been assigned a performance score
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and a ranking position under different criteria weight choices. Based on all these ranking positions, including
the one corresponding to the default weights, we determine the average ranking positions for each concept.
The results of this analysis are summarised in Table 4.

Table 4: Average ranking order of the concepts for each building type.

rank SFH MFH8 MFH20
1 SC OL SC OL SC OL
2 SC HL SC HL SC HL
3 EA HL EA HL EA OL
4 EA OL EA OL EA HL
5 REF REF REF
6 HA OL HA OL HA OL
7 HA HL HA HL HA HL

The table shows that the SC concept in the OL reaches the highest average position in all rankings produced
by the sensitivity analysis. Except for the EA concept for the SFH and MFH8 building types, all concept
alternatives in the OL reach higher average ranking positions than their HL partner concept. The HA concept
performs worse than the REF concept because even though it has lower CO2 emissions, the extra cost are
significant enough to lead to a lower overall performance score for the totality of all regarded weight variations.

5. Discussion
The OL does not only lead to a decrease in total annual costs, but also to a decrease in the total annual direct
emissions. This can be explained by the better operational use of the installed energy technologies. In the
case of the OL, the installed power/capacity of each technology is perfectly matched to meeting the demands.
Since the operational costs and the direct emissions have the same origin - the grids - the reduction of either is
directly coupled to the other. The contrary effect is the installation of new technologies for the EA, HA and SC
concept, which comes with installation costs. For the HA, the heat pump is built with a lower nominal power in
the case of optimisation, so that the TOTEX are lower for the OL than for the HL. For EA and SC we observe
that the PV is dimensioned much bigger if the layout is optimised. This comes with higher installation costs.
However, the storages (battery and heat storage respectively) are installed at lower capacities in the case of
an OL. For the EA and SC concept this balances the higher PV costs out and still, the TOTEX decrease for
the OL. The strong decrease in installed capacity of the storages if the layout is optimised, shows how much
the capacities were overestimated with the used heuristic. The capacities of the storages, moreover, influence
the SEC and thereby the EP. The high capacities in the HL lead to a high EP.

The sensitivity analysis of the criteria weights has shown a uniform behaviour of the economic and the eco-
logical criterion. With varying weight, the same concepts show the same behaviour for both criteria. This
behaviour is inverted in the technological criterion. The fact that for a high weight on either economic or eco-
logical criterion or a low weight on the technological criterion, the score of all concepts lie closer to each other,
shows that the gap between the concepts’ performance results mostly from the values of the technological
metric and their competitiveness is balanced out if the other metrics have a higher importance.

To answer the second research question, we observe that the two concepts associated with the sector-coupled
concept are the two highest ranked for most of the weight variations. Only for a high economic weight, these
two concepts obtain lower positions in the ranking. Thus, the coupling of the heat and electricity sector specif-
ically reduces CO2 emissions and increases the energy performance which leads to a high ranking of the
respective concept in the MCDA under the three given metrics.

Finally, the reference concept is found to perform well in the economic criteria as it has low TOTEX for all
building types, but it shows the worst performance for CO2 emissions and EP. This effect occurs for the given
case study because we do not regard installation costs in REF. We assume that the gas boiler is already
installed and the investment has been made in the past and is not part of the optimisation horizon.

The method used to calculate an average ranking is based on the ranking position that resulted from each
weight variation in the sensitivity analysis. A different approach would be to compute the average performance
score instead and base the overall ranking on this score. The approach of comparing ranking positions takes
equidistant positions between the concepts, while a comparison on performance score could show dominance

9



between the concepts. However, the ranking position is taken as the supporting indicator for performance of
the concepts.

6. Conclusion and outlook
To conclude, we investigated local heat and electricity supply concepts with a different level of coupling the
sectors and different layout approaches. We find that the OL decreases the total annual costs by on average
27% and decreases the total annual direct CO2 emissions by on average 11%. The installation of PV is
enforced if the layout is optimised instead of following a rule of thumb. A coupling of the heat and electricity
sector leads to CO2 emission savings and a better energy performance. Between the three different building
types we find almost no difference. Yet, the study can be extended towards other building archetypes including
non-residential buildings. Furthermore, the energy price markets have recently faced a lot of instabilities.
Hence, the robustness of the rankings against different price inputs can be investigated. Lastly, the investigation
at hand only refers to the use of one specific MCDA method. However, different methods can lead to different
ranking decisions. It can therefore be advised to repeat the analysis with other methods and check if the
concepts obtain similar ranking positions.

Acknowledgements
This research has been funded by the research project ’SW.Developer’ which is supported by the German
Federal Ministry for Economic Affairs and Climate Action (grant 03EN3014A).

Nomenclature

Letter symbols

a decision matrix

E energy, kWh

f objective function

P power, kW

T temperature, ◦C

t timestep

v value

Y binary decision variable

Subscripts and superscripts

amb ambient

cap capacity

i row of the decision matrix

in/out in- and outflow

j column of the decision matrix

lim heating threshold

nom nominal

op operational

Abbreviations

AHP Analytic Hierarchy Process

ba battery

CAPEX capital expenditures/investment
costs

COP coefficient of performance

EA electricity adapted concept

EP energy performance

HA heat adapted concept

HL heuristic layout

hp heat pump

MCDA Multi-Criteria Decision Analysis

MFH8 multi-family house with eight flats

MFH20 multi-family house with twenty flats

MILP Mixed-Integer Linear Program-
ming

MPL minimal part load

OL optimised layout

OPEX operational expenditures/costs

PV photovoltaic

REF reference energy concept

SC sector-coupled adapted concept

SEC self-consumption

SES self-sufficiency

SFH single-family house with one flat

TOTEX total expenditures/costs

tes thermal storage

WACC weighted average cost of capital
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Abstract: 

A multi-energy system is composed of four main subsystems: i) energy conversion, ii) energy transportation, 
iii) energy supply, and iv) energy storage. Recent works in the literature dealing with the design and operation 
optimization of multi-energy systems usually include only one of the above-mentioned subsystems at a time 
and neglect the others or consider them as constraints imposed a priori. That kind of approach may lead to 
near optimal system configurations. In fact, the global optimum can only be achieved by the synthesis, design 
and operation optimization of the system in its entirety. Here, a mixed integer linear programming (MILP) 
approach is proposed to simultaneously optimize the size of the energy conversion and storage plants, the 
capacity of the energy networks, and the operation of the whole multi-energy system. The objective function 
consists in minimizing the life cycle cost of the system while imposing an upper bound on greenhouse gas 
emissions. Moreover, this upper bound can be iteratively reduced to consider increasingly stricter 
decarbonization targets. A district composed of commercial and residential buildings, with their own electricity 
and heating demands and operating in a microgrid, is considered as a case study. Heat is provided to the end 
users via a district heating network, while electricity can be either generated on site or imported from the 
national grid. Results shows a reduction potential in carbon emissions of 45% for the considered system, 
together with an 8% reduction of the life cycle cost, with respect to a reference scenario. 

Keywords: 

Decarbonization; District heating; Microgrid; Multi-energy systems; Optimization. 

1. Introduction 
The increasing threat of climate change requires timely interventions to drastically reduce the anthropogenic 
emissions of greenhouse gases By accounting for 75% of the global carbon emissions, the energy sector is 
the main responsible of global warming. However, the increasing availability at low cost of energy conversion 
technologies based on Renewable Energy Sources (RES) can pave the way to a deep decarbonization 
process. To this scope, fostering the distributed generation, electrifying the energy consumption and exploiting 
the synergies between different final energy sectors, as, for instance, the electricity and heating ones, can play 
a crucial role in improving the penetration of RES while decreasing the consumption of fossil fuels [1]. All these 
actions contribute to the development of Multi-Energy Systems (MESs). 

A MES is defined as an energy system of any spatial extent (a single building, a district, a city, a nation, …) 
that involves different types of energy carriers (electricity, heat, fossil fuels, biomass, …) and provide energy 
in various forms to the end users [2]. It is composed of four main subsystems. 

1. Energy conversion. The fleet of the energy conversion plants that provides the end users with the required 
energy in the required forms. 
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2. Energy transportation. The energy networks collecting energy from the conversion plants and delivering it 
to the end users. 

3. Energy supply. The end users of the system with their specific energy demands. 

4. Energy storage. Components that allow storing energy in different forms in a certain moment and delivering 
it in a later one. They can be integrated at any level (energy conversion, transportation, supply). 

A holistic approach to the study of MESs should consider all the above-mentioned aspects. Thus, the complete 
optimization of a MES accordingly to a certain objective function should involve three levels of analysis. 

1. Synthesis, which targets the topology of the energy networks and the number, type and location within the 
system of the energy conversion and storage plants required to fulfil the energy demands of the end users. 

2. Design, which targets the sizing of the energy conversion and storage plants and the capacity of each 
branch of the energy networks. 

3. Operation, which targets the management of the dispatchable plants, the management of the power and 
mass flows within the networks, and the application of eventual demand response strategies [3]. 

Such kind of optimization problems, referred to as Synthesis, Design and Operation (SDO) optimization, is the 
most complete in the field of energy systems, but also the most challenging to solve, due to the high number 
of decision variables, either continuous or integer/binary [4]. 

This paper focuses on MESs at the district level including microgrids and district heating networks (DHNs). An 
increasing number of works in the recent literature deals with the optimization of such kind of systems. 
However, most of those works do not embrace a holistic approach but focus on a specific optimization problem 
(synthesis, design, operation) or a specific aspect of the MES (energy conversion, storage, transportation, 
supply).  

Integrated district energy networks were studied by several authors. Lund et al. [5] highlighted the importance 
of integrating different energy networks (e.g., district heating, electricity distribution and natural gas supply) at 
the district level to shape the smart energy system of the future. In this context, decreasing the supply 
temperature of DHNs (e.g., with 4th and 5th generation DHNs) can facilitate the integration of RES, power to 
heat technologies and other smart energy systems (e.g., microgrids). Leitner et al. [6] stated that the 
components required to build up smart energy systems are well known and already available in the market, 
whereas there is a lack of analyses at a system level. Their study focuses on a modelling and simulation 
approach for coupled district heating and electrical distribution networks. The DHN is defined by a dynamic 
thermal-hydraulic model, whereas the electrical distribution network by a quasi-static model. The model is 
complete but does not involve any kind of optimization, which would probably result in a computational 
intractability. Other authors, e.g., Nazari-Heris et al. [7], studied the optimal operation of highly integrated MESs 
involving many energy or energy-related networks (e.g., electricity, heating, natural gas and water networks). 
However, these models are computationally expensive (they are typically applied to one-day operation) and 
cannot be applied to the design optimization of those networks. Talebi et al. [8] reviewed the optimization 
approaches to the design of DHNs and highlighted the relevant role that optimization tools can have in 
designing district energy systems integrating a high share of RES and energy storage technologies. Moreover, 
they found out that the most used design optimization techniques are based on numerical approaches, as 
Mixed Integer Linear or Non-Linear Programming (MILP and MINLP, respectively), or meta-heuristic 
approaches, as evolutionary or genetic algorithms. Röder et al. [9] developed a MILP optimization framework 
for the SDO optimization of a DHN. They considered a mixed residential-commercial district in Germany and 
searched for the cost-optimal topology, capacity, and operation of the DHN supplying all the users of the 
district. However, they did not optimize the generation and storage sides of the system as they fixed in advance 
the position, type and capacity of the energy conversion and storage plants providing the network with the 
required heat, and they did not consider the electricity network. 

On the other hand, many authors focused on the optimal design and/or operation of the energy conversion 
and storage plants supplying a district MES. Rech et al. [10] studied the optimal operation of a fleet of energy 
conversion plants providing electrical and thermal energy to a mountain village. Heat is generated by means 
of biomass-fuelled boilers or combined heat and power (CHP) plants, and delivered to the end users via DHN, 
which is modelled as a black box collecting heat from the generators to fulfil the aggregated heating demand 
of the village. Ghilardi et al.[11] developed a MILP model for the operation optimization of a University campus 
MES involving a district heating/cooling network and the thermal management of buildings. They found out 
considerable advantages in terms of cost reduction, energy saving and integration of RES thanks to the optimal 
management of the thermal comfort in buildings, the optimal dispatch of the available energy conversion 
systems and the optimal management of the temperature levels of the district heating/cooling network. In a 
previous work [12], the authors of the present paper proposed a method for the design and operation multi-
objective optimization (economical and environmental) of the energy conversion and storage plants providing 
electricity and heat to an energy community. Demand response was also applied, but no district energy 
networks were modelled, assuming that the community members directly interface with the national power grid 
and fulfil their heating demand autonomously. Wirtz [13] proposed a web tool for the optimal conceptual design 



of a district MES generation mix. By means of a Linear Programming (LP) approach, the proposed tool allows 
defining the optimal size of the energy conversion and storage plants available in an energy hub fulfilling the 
electricity, heating and cooling demands of the district. Heating and cooling can be also provided via district 
heating and/or cooling networks. Wirtz et al. [14] also proposed a model for the optimal planning of a 5th 
generation district heating and cooling network. This model optimizes the design (i.e., the size) of the energy 
conversion and storage plants available at two levels: i) the energy hub and ii) the end users’ buildings, which 
interface with the heating and cooling network by means of heat pumps and chillers. As a last example, 
Mashayekh et al. [15] developed an optimization tool for the design of the energy conversion and storage 
plants supplying a multi energy microgrid involving both electricity and heating networks. The optimization 
addresses the generation mix selection and sizing, the resource siting and allocation, and the operation 
scheduling. They found out that considering the spatial distribution of a MES, modelled as a multi nodal system, 
allows a more realistic assessment of the generation portfolio, which can be otherwise non-optimal if the same 
system is modelled as a single node. 

A lack emerges. On one hand, works dealing with modelling of energy networks either neglect the design of 
energy conversion and storage systems or build complex models that are not suitable for design optimization 
procedures. On the other hand, works dealing with design-operation optimization of MESs do not consider the 
optimization of the topology and capacity of the district energy networks, which are considered only as 
constraints. 

A pioneering work about the SDO optimization of a district MES was proposed by Mehleri et al. [16] and further 
developed in [17]. In these works, a MILP framework is introduced to optimize the selection (capacity and 
allocation) and operation of the distributed energy conversion plants supplying the district MES, but also the 
design (topology and capacity) of a DHN connecting the buildings. However, the weakness of the proposed 
approach is that the DHN is defined by a set of direct heat exchange connections between two buildings that 
follow the path of minimum “geometrical distance” (i.e., the straight line connecting two buildings). This is a 
strong simplification because obstacles that can interrupt the path between two buildings are not considered. 
A more reliable approach in the design of a network should consider the “geographical distance” between 
nodes, i.e., the “real” path that a network branch must follow to connect two nodes. Accordingly, a typical 
approach to DHN design (see, for instance, in [9]) consists in constraining pipelines to follow pre-determined 
paths, which are usually the streets of the district. 

To overcome the above-mentioned weaknesses, this work proposes a holistic MILP approach for the optimal 
design and operation of a district MES, modelled as a multi-nodal system. The goal consists in finding the size 
of the available energy conversion and storage plants, the capacity of each branch of the available energy 
networks, and the operation of the whole system that minimize the life cycle cost of the MES, while fulfilling 
the energy demands of the end users. Moreover, an environmental constraint is imposed on the maximum 
amount of carbon dioxide (CO2) emissions. By iteratively decreasing the value of this constraint, a sort of multi-
objective optimization can be carried out, in order to obtain the Pareto front of the cost-optimal system 
configurations that meet increasingly stricter decarbonization targets. A district located in Padova, Italy, 
composed of commercial and residential buildings with their own electricity and heating demands, and 
operating in a microgrid is considered here as a case study to highlight the potentiality of the proposed 
approach. Heat is provided to consumers via DHN, while electricity can be either generated on site or imported 
from the national grid. 

The novelty introduced in this paper consists in proposing a holistic and integrated method for the design and 
operation optimization of both conversion/storage plants and energy networks of a MES, while maintaining an 
accurate representation of the networks, which are modelled with the “geographical distance” criterion, instead 
of the simplified “minimum geometrical distance” one. 

Note that the synthesis problem, i.e., the definition of the topology of the networks and of the number, type 
and position within the system of the energy conversion and storage plants, is not addressed here. Conversely, 
the topological data are provided as input to the model. However, the proposed approach is intended as a sub-
problem of a wider optimization method that addresses the synthesis problem too, in order to provide a 
complete SDO optimization tool for district MESs. The idea is to implement the overall SDO problem by means 
of a two-level evolutionary algorithm, in which the first level deals with the synthesis problem. The topology of 
the system defined in the first level is then passed to the second level, which deals with the design and 
operation sub-problem (i.e., the model proposed here). Since the design and operation sub-problem must be 
run several times for each iteration of the evolutionary algorithm, it must be maintained as simple as possible 
in order to avoid computational intractability. For this reason, the model presented here is maintained linear by 
means of proper simplifications of the characteristic curves of the technologies and cost data. A similar two-
level approach for the SDO of a district heating system with distributed CHP plants was developed by Casisi 
et al. [18]. However, they only consider DHN and not the electrical network, and they assume a given topology 
of the DHN. 

The rest of the paper is structured as follows. Section 2 presents the case study, while section 3 presents the 
developed optimization method. Section 4 discusses the results and, finally, section 5 draws the conclusions. 



2. Case study 
The case study considers a small mixed residential-commercial district located in Padova, Italy. The district is 
composed of five buildings (end users), with their own electricity and heating demands, and operates in an 
autonomous microgrid connected to the national power grid. Heat is provided to the end users via DHN, while 
electricity can be either generated on site or imported from the national grid. The system is modelled as a 
multi-nodal MES with 16 nodes in total. Figure 1 shows the layout of the considered system. The buildings 
located at nodes 3, 5 and 15 are residential buildings, the remaining two (nodes 9 and 11) are commercial 
buildings. Each building owns a photovoltaic plant (PV) and an electrical energy storage (EES) based on 
lithium batteries. An energy hub located at node 7 and including a gas-fuelled CHP internal combustion engine 
(ICE), a gas boiler (BOIL), an air-water heat pump (HP) and a thermal energy storage (TES) feeds the DHN 
that delivers the required heat to the end users. To maintain the model linear, the operating parameters of the 
networks are fixed a priori and assumed to remain constant during the operation, as in [9]. This simplification 
allows modelling the networks by considering only the power or heat flows circulating inside them. The supply 
and return temperatures of the DHN are set at 70°C and 40°C, respectively. The microgrid voltage is 380V. 

 

Figure 1  Layout of the multi-energy system considered as case study. The white rectangles contain the 
conversion and storage plants available at the node where they are located. 

The topology of the energy networks can be derived from a geographical map of the district, where the 
available paths for the network branches are the streets. Accordingly, the layout of the DHN is designed by 
considering the tree path of “minimum geographical distance” connecting the energy hub to all the end users. 
In other words, the overall length of the pipelines is minimized, with the constraint of following only the available 
paths. The same holds true for the electrical microgrid, apart from the inclusion of node 0, which allows the 
power exchange with the national grid, and the inclusion of the branches between nodes 0-1, 1-2, 2-16 and 
14-16, which define a network ring that increases the system reliability. 

Table 1 shows the yearly electricity and heating demands of the end users (integral over one year of the hourly 
demands) and the corresponding demand peaks occurring during the year (maximum values reached by the 
hourly demands). Since one hour is the time resolution of the model, hourly demands are expressed in unit of 
power (kW). 

Table 1  Yearly electricity and heating demands (𝐷𝑒𝑙,𝑦𝑒𝑎𝑟 and 𝐷𝑡ℎ,𝑦𝑒𝑎𝑟, respectively) of each end user and 

aggregated, with the associated demand peaks over the year (𝐷𝑒𝑙,𝑝𝑒𝑎𝑘 for electricity, and 𝐷𝑡ℎ,𝑝𝑒𝑎𝑘 for heating). 

Node 𝐷el,year, MWh 𝐷th,year, MWh 𝐷el,peak, kW 𝐷th,peak, kW 

3 89.77 73.54 25.0 60.0 
5 125.68 98.06 35.0 80.0 
9 175.42 20.76 70.0 60.0 
11 125.30 17.30 50.0 50.0 
15 143.63 122.57 40.0 100.0 
Aggregated 659.80 332.23 176.3 344.4 

 

3. Method: MILP optimization 
The MILP optimization problem can be formulated in a general form as in Eq. (1) [19]. 

𝑚𝑖𝑛𝒙,𝒚{𝑓(𝒙, 𝒚) = 𝒄𝑇𝒙 + 𝒅𝑇𝒚}  

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑨𝒙 + 𝑩𝒚 = 𝒃   (1) 

𝑤𝑖𝑡ℎ 𝒙 ≥ 0 ∈ ℜ𝑁𝑥 , 𝒚 ∈ {1,0}𝑁𝑦.  



𝑓 is the objective function,  𝒄 and 𝒅 are the cost vectors associated with the continuous and binary variables, 

𝒙 and 𝒚, respectively; 𝑨 and 𝑩 are the constraint matrices and 𝒃 is the vector of the known terms; 𝑁𝑥 and 𝑁𝑦 

indicate the dimension of 𝒙 and 𝒚, respectively. 

The considered MES is modelled as a multi-nodal system, with 𝑁 = 16 nodes. In the next sections, the 
constraints, decision variables and objective function of the problem are introduced. The decision variables 
are highlighted in bold. The subscript 𝑛 = 1,2, … , 𝑁 refers to the nodes, 𝑘 = 1,2, … , 𝐾 to the typical days (or 
cluster centers), and ℎ = 1,2, … ,24 to the hours of the day. The optimization model has been developed in 
Python and solved with the Gurobi solver. 

3.1. Time series aggregation 

To be solved, the proposed optimization model requires some time series as input. These are i) the electricity 
demand of each final user, ii) the heating demand of each final user, iii) the global solar irradiation on the 
horizontal plane, necessary for calculating the PV generation, and iv) the temperature of the ambient air, 
necessary for calculating the electrical power consumption of the HP. These time series are available for a 
reference year subdivided in days with an hourly resolution, for a total of 24 × 365 = 8760 timesteps for each 
time series. However, including the time series in their entirety into the optimization model would result in a 
computational intractability. In fact, the number of decision variables required to solve the operation problem 
is proportional to the total number of timesteps. Thus, it is necessary to reduce the total number of timesteps 
and, in turn, the computational burden. 

Following Hoffmann et al. [20], a K-medoids clustering approach is applied here to aggregate time series into 
typical days, which must be representative of the entire year. The chosen number of typical days is eight. 
Moreover, the two days of the year having the maximum peak value in i) aggregated electricity demand and 
ii) aggregated heating demand are added to the clustering process as new cluster centers. Thus, the final 
number of typical days is 𝐾 = 10. Neglecting the extreme peak periods in defining typical days would lead to 
underestimate the size of the energy conversion plants, which could not meet the extreme demand peaks 
occurring during the year. The hourly resolution of the time series is preserved, being each typical day 
composed of 𝐻 = 24 time steps. In this way, the number of decision variables associated with the operation, 
proportional to the total number of timesteps, is drastically reduced. In fact, the total number of timesteps is 
diminished from 8760 to 𝐻 × 𝐾 = 240. The time series aggregation also returns the weight 𝑤𝑘 of each typical 

day 𝑘 (with 𝑘 = 1,2, … , 𝐾), which corresponds to the number of days of the year represented by that typical 
day. The Python package “tsam” has been utilized for time series aggregation. 

3.2. Energy conversion and storage systems 

The energy conversion plants are modelled according to [21], the energy storage systems according to [22]. 

3.2.1. Photovoltaic plant 

The electrical power (𝑃𝑃𝑉) generated by a photovoltaic plant, in kW, is given by Eq. (2). 

𝑃𝑃𝑉,𝑛,𝑘,ℎ = 𝑪𝑷𝑽,𝒏
𝐼𝑠𝑢𝑛,𝑘,ℎ

𝐼𝑠𝑢𝑛,𝑟𝑒𝑓
.   (2) 

𝑪𝑷𝑽 is the capacity of the PV plant in kW of peak (kWp) and is a decision variable, 𝐼𝑠𝑢𝑛 is the global solar 

irradiation in W/m2 and is provided as a time series, 𝐼𝑠𝑢𝑛,𝑟𝑒𝑓 = 1000W/m2 is the global solar irradiation in the 

reference conditions in which the kWp is defined. It is assumed that 1 kWp of PV requires 7 m2 of area. 

The PV capacity is bounded in between a minimum value, corresponding, for instance, to the area of a single 
PV module, and maximum one, corresponding to the entire available area at a node, as reported in Eq. (3). 

𝐶𝑃𝑉,𝑚𝑖𝑛,𝑛 ≤ 𝑪𝑷𝑽,𝒏 ≤ 𝐶𝑃𝑉,𝑚𝑎𝑥,𝑛.   (3) 

If PV is not available at the node 𝑛, then 𝐶𝑃𝑉,𝑚𝑖𝑛,𝑛 = 𝐶𝑃𝑉,𝑚𝑎𝑥,𝑛 = 0 and, in turn, 𝑷𝑷𝑽,𝒏,𝒌,𝒉 = 0. 

3.2.2. Gas-fuelled internal combustion engine in combined heat and power mode 

The fuel (natural gas) consumption (𝐹𝐼𝐶𝐸) of the CHP internal combustion engine (ICE), in kW, and its thermal 

power (𝑄𝐼𝐶𝐸), also in kW, are given by Eq. (4) and Eq. (5), respectively, as a linear function of the engine 
power. 

𝐹𝐼𝐶𝐸,𝑛,𝑘,ℎ = 𝑷𝑰𝑪𝑬,𝒏,𝒌,𝒉𝛼 + 𝜹𝑰𝑪𝑬,𝒏,𝒌,𝒉𝛽.   (4) 

𝑄𝐼𝐶𝐸,𝑛,𝑘,ℎ = 𝑷𝑰𝑪𝑬,𝒏,𝒌,𝒉𝜌 + 𝜹𝑰𝑪𝑬,𝒏,𝒌,𝒉𝜎.   (5) 

𝑷𝑰𝑪𝑬 is the electric power in kW and is a decision variable, 𝜹𝑰𝑪𝑬 is a binary decision variable equal to 1 if the 
ICE is working and equal to 0 otherwise. The linearization coefficients of the ICE characteristic curves are 𝛼 =
2.42, 𝛽 = 11.0kW, 𝜌 = 1.24, 𝜎 = −1.65kW.  



The capacity 𝑪𝑰𝑪𝑬 of the ICE, in kW of nominal electric power, which is a decision variable, is associated with 

the auxiliary decision variable 𝝑𝑰𝑪𝑬 in order to avoid nonlinear constraints [23] of the type 𝑷𝑰𝑪𝑬 ≤ 𝑪𝑰𝑪𝑬𝜹𝑰𝑪𝑬. 

Equations (6), (7), and (8) bound 𝑪𝑰𝑪𝑬 and 𝑷𝑰𝑪𝑬. 

𝜹𝑰𝑪𝑬,𝒏,𝒌,𝒉𝐶𝐼𝐶𝐸,𝑚𝑖𝑛,𝑛 ≤ 𝝑𝑰𝑪𝑬,𝒏,𝒌,𝒕 ≤ 𝜹𝑰𝑪𝑬,𝒏,𝒌,𝒉𝐶𝐼𝐶𝐸,𝑚𝑎𝑥,𝑛.   (6) 

(1 − 𝜹𝑰𝑪𝑬,𝒏,𝒌,𝒉)𝐶𝐼𝐶𝐸,𝑚𝑖𝑛,𝑛 ≤ 𝑪𝑰𝑪𝑬,𝒏 − 𝝑𝑰𝑪𝑬,𝒏,𝒌,𝒉 ≤ (1 − 𝜹𝑰𝑪𝑬,𝒏,𝒌,𝒉)𝐶𝐼𝐶𝐸,𝑚𝑎𝑥,𝑛.  (7) 

𝛾𝑚𝑙,𝐼𝐶𝐸𝝑𝑰𝑪𝑬,𝒏,𝒌,𝒉 ≤ 𝑷𝑰𝑪𝑬,𝒏,𝒌,𝒉 ≤ 𝝑𝑰𝑪𝑬,𝒏,𝒌,𝒉.   (8) 

𝛾𝑚𝑙,𝐼𝐶𝐸 = 0.7 is the ratio between the minimum load at which the ICE can operate and its nominal capacity, and 

𝐶𝐼𝐶𝐸,𝑚𝑖𝑛 and 𝐶𝐼𝐶𝐸,𝑚𝑎𝑥 are the minimum and maximum bounds of the ICE capacity, respectively. If the ICE is not 

available at the node 𝑛, then 𝐶𝐼𝐶𝐸,𝑚𝑖𝑛,𝑛 = 𝐶𝐼𝐶𝐸,𝑚𝑎𝑥,𝑛 = 0 and, in turn, 𝑷𝑰𝑪𝑬,𝒏,𝒌,𝒉 = 𝑭𝑰𝑪𝑬,𝒏,𝒌,𝒉 = 𝑸𝑰𝑪𝑬,𝒏,𝒌,𝒉 = 0. 

3.2.3. Gas boiler 

The fuel (natural gas) consumption (𝐹𝐵𝑂𝐼𝐿) of the gas boiler (BOIL), in kW, is given in Eq. (9) as a function of 

the thermal power (𝑸𝑩𝑶𝑰𝑳), in kW, which is a decision variable. 

𝐹𝐵𝑂𝐼𝐿,𝑛,𝑘,ℎ =
𝑸𝑩𝑶𝑰𝑳,𝒏,𝒌,𝒉

𝜂𝑡ℎ,𝐵𝑂𝐼𝐿
.   (9) 

𝜂𝑡ℎ,𝐵𝑂𝐼𝐿 = 0.9 is the boiler efficiency. Equations (10) and (11) bound the thermal power (𝑸𝑩𝑶𝑰𝑳) and the boiler 

capacity (𝑪𝑩𝑶𝑰𝑳), expressed in kW of nominal thermal power, which is another decision variable. 

𝐶𝐵𝑂𝐼𝐿,𝑚𝑖𝑛,𝑛 ≤ 𝑪𝑩𝑶𝑰𝑳,𝒏 ≤ 𝐶𝐵𝑂𝐼𝐿,𝑚𝑎𝑥,𝑛.   (10) 

0 ≤ 𝑸𝑩𝑶𝑰𝑳,𝒏,𝒌,𝒉 ≤ 𝑪𝑩𝑶𝑰𝑳,𝒏.   (11) 

𝐶𝐵𝑂𝐼𝐿,𝑚𝑖𝑛, and 𝐶𝐵𝑂𝐼𝐿,𝑚𝑎𝑥 are the minimum and maximum bounds of the boiler capacity, respectively. If the boiler 

is not available at the node 𝑛, then 𝐶𝐵𝑂𝐼𝐿,𝑚𝑖𝑛,𝑛 = 𝐶𝐵𝑂𝐼𝐿,𝑚𝑎𝑥,𝑛 = 0 and, in turn, 𝑭𝑩𝑶𝑰𝑳,𝒏,𝒌,𝒉 = 𝑸𝑩𝑶𝑰𝑳,𝒏,𝒌,𝒉 = 0. 

3.2.4. Air-water heat pump 

The electric power consumption (𝑃𝐻𝑃) of the heat pump (HP), in kW, is given in Eq. (12) as a function of the 

thermal power (𝑸𝑯𝑷), in kW, which is a decision variable. 

𝑃𝐻𝑃,𝑛,𝑘,ℎ =
1

𝐶𝑂𝑃𝑖𝑑𝑒𝑎𝑙,𝑘,ℎ
(𝑸𝑯𝑷,𝒏,𝒌,𝒉𝜇 + 𝜹𝑯𝑷,𝒏,𝒌,𝒉𝜔).   (12) 

𝜹𝑯𝑷 is a binary decision variable equal to 1 if the HP is working and equal to 0 otherwise, 𝜇 = 1.80 and 𝜔 =
2.65kW are the linearization coefficients of the HP characteristic curves (similarly to the ICE), 𝐶𝑂𝑃𝑖𝑑𝑒𝑎𝑙 is the 
coefficient of performance calculated in ideal conditions (Carnot equation) between the ambient temperature 
𝑇𝑎𝑚𝑏, in K, provided as a time series, and the supply temperature 𝑇𝑠𝑢𝑝𝑝𝑙𝑦 of the DHN, in K. Equation (13) shows 

the ideal coefficient of performance. 

𝐶𝑂𝑃𝑖𝑑𝑒𝑎𝑙,𝑘,ℎ =
1

1−
𝑇𝑎𝑚𝑏,𝑘,ℎ
𝑇𝑠𝑢𝑝𝑝𝑙𝑦

.   (13) 

The capacity (𝑪𝑯𝑷 ) of the HP is a decision variable expressed in kW of nominal thermal power, and is 

associated with the auxiliary decision variable 𝝑𝑯𝑷 to avoid nonlinear constraints. Equations (14), (15), and 

(16) bound 𝑪𝑯𝑷 and 𝑸𝑯𝑷. 

𝜹𝑯𝑷,𝒏,𝒌,𝒉𝐶𝐻𝑃,𝑚𝑖𝑛,𝑛 ≤ 𝝑𝑯𝑷,𝒏,𝒌,𝒉 ≤ 𝜹𝑯𝑷,𝒏,𝒌,𝒉𝐶𝐻𝑃,𝑚𝑎𝑥,𝑛.   (14) 

(1 − 𝜹𝑯𝑷,𝒏,𝒌,𝒉)𝐶𝐻𝑃,𝑚𝑖𝑛,𝑛 ≤ 𝑪𝑯𝑷,𝒏 − 𝝑𝑯𝑷,𝒏,𝒌,𝒉 ≤ (1 − 𝜹𝑯𝑷,𝒏,𝒌,𝒉)𝐶𝐻𝑃,𝑚𝑎𝑥,𝑛.  (15) 

𝛾𝑚𝑙,𝐻𝑃𝝑𝑯𝑷,𝒏,𝒌,𝒉 ≤ 𝑸𝑯𝑷,𝒏,𝒌,𝒉 ≤ 𝝑𝑯𝑷,𝒏,𝒌,𝒉.   (16) 

𝛾𝑚𝑙,𝐻𝑃 = 0.5 is the ratio between the minimum load at which the HP can operate and its nominal capacity. 

𝐶𝐻𝑃,𝑚𝑖𝑛, and 𝐶𝐻𝑃,𝑚𝑎𝑥 are the minimum and maximum bounds of the HP capacity, respectively. If the HP is not 

available at the node 𝑛, then 𝐶𝐻𝑃,𝑚𝑖𝑛,𝑛 = 𝐶𝐻𝑃,𝑚𝑎𝑥,𝑛 = 0 and, in turn, 𝑷𝑯𝑷,𝒏,𝒌,𝒉 = 𝑸𝑯𝑷,𝒏,𝒌,𝒉 = 0. 

3.2.5. Energy storage systems 

The decision variables associated with the thermal energy storage (TES) are its capacity (𝑪𝑻𝑬𝑺,𝒏), in kWh, the 

charging heat (𝑸𝑻𝑬𝑺,𝒄𝒉𝒓𝒈,𝒏,𝒌,𝒉) and discharging heat (𝑸𝑻𝑬𝑺,𝒅𝒊𝒔𝒄𝒉,𝒏,𝒌,𝒉), in kW, and the state of charge (𝑺𝑶𝑪𝑻𝑬𝑺,𝒏,𝒉,𝒌), 

in kWh. The decision variables associated with the electrical energy storage (EES) are its capacity (𝑪𝑬𝑬𝑺,𝒏), in 

kWh, the charging power (𝑷𝑬𝑬𝑺,𝒄𝒉𝒓𝒈,𝒏,𝒌,𝒉) and discharging power (𝑷𝑬𝑬𝑺,𝒅𝒊𝒔𝒄𝒉,𝒏,𝒌,𝒉), in kW, and the state of charge 

(𝑺𝑶𝑪𝑬𝑬𝑺,𝒏,𝒉,𝒌), in kWh. Refer to [22] for the model of energy storage systems. Note that both intra-day and inter-



day storage is allowed. If a storage system is not available at node 𝑛, then all the corresponding decision 
variables are set equal to zero. 

3.2.6. Electricity import from/export to the national power grid 

The microgrid interfaces with the national power grid at node 0. Here, it is possible to import/export electricity. 
Thus, two additional sets of decision variables are required: 𝑷𝒊𝒎𝒑,𝒏,𝒌,𝒉, in kW, for import, and 𝑷𝒆𝒙𝒑,𝒏,𝒌,𝒉, in kW, 

for export. 𝑷𝒊𝒎𝒑,𝒏,𝒌,𝒉 = 𝑷𝒊𝒎𝒑,𝒏,𝒌,𝒉 = 0 if 𝑛 ≠ 0. 

3.3. Energy networks 

The system includes 𝑃 = 12 district heating pipelines, and 𝐿 = 16 electrical microgrid lines. 

3.3.1. District heating network 

For each pipeline 𝑝 (with 𝑝 = 1,2, … , 𝑃) connecting two nodes 𝑛 and 𝑚, the decision variables involved in the 

model of the district heating network (DHN) are: the capacity of the pipeline (𝑪𝑫𝑯𝑵,𝒑,𝒏𝒎) connecting the two 

nodes, in kW, the heat flow from node 𝑛 to node 𝑚 (𝑸𝑫𝑯𝑵,𝒏𝒎), in kW, and the heat flow from node 𝑚 to node 

𝑛 (𝑸𝑫𝑯𝑵,𝒎𝒏), in kW. The heat flows are bounded by the pipeline capacity, as shown in Eq. (17). 

𝑸𝑫𝑯𝑵,𝒏𝒎,𝒌,𝒉 + 𝑸𝑫𝑯𝑵,𝒎𝒏,𝒌,𝒉 ≤ 𝑪𝑫𝑯𝑵,𝒑,𝒏𝒎.   (17) 

Note that, due to the DHN layout (see Figure 1), heat is constrained to flow from the energy hub (node 7) to 
the end users (nodes 3, 5, 9, 11, 15). Thus, for each pipeline, the flow in one of the two directions is always 
zero. If two nodes 𝑛 and 𝑚 are not connected by a DHN pipeline, then 𝑪𝑫𝑯𝑵,𝒑,𝒏𝒎 is not defined, and 𝑸𝑫𝑯𝑵,𝒏𝒎,𝒌,𝒉 

and 𝑸𝑫𝑯𝑵,𝒎𝒏,𝒌,𝒉 are set equal to zero. 

3.3.2. Electrical microgrid 

For each electric line 𝑙 (with 𝑙 = 1,2, … , 𝐿) connecting two nodes 𝑛 and 𝑚, the decision variables involved in 

the model of the electrical microgrid (EMG) are: the capacity of the network line (𝑪𝑬𝑴𝑮,𝒍,𝒏𝒎) connecting the two 

nodes, in kW, the power flowing from node 𝑛 to node 𝑚 (𝑷𝑬𝑴𝑮,𝒏𝒎), in kW, and the power flowing from node 𝑚 

to node 𝑛 (𝑷𝑬𝑴𝑮,𝒎𝒏), in kW. The power streams are bounded by the network line capacity, as shown in Eq. 

(18). 

𝑷𝑬𝑴𝑮,𝒏𝒎,𝒌,𝒉 + 𝑷𝑬𝑴𝑮,𝒎𝒏,𝒌,𝒉 ≤ 𝑪𝑬𝑴𝑮,𝒍,𝒏𝒎.   (18) 

If two nodes 𝑛 and 𝑚 are not connected by a EMG line, then 𝑪𝑬𝑴𝑮,𝒍,𝒏𝒎 is not defined, and 𝑷𝑬𝑴𝑮,𝒏𝒎,𝒌,𝒉 and 

𝑷𝑬𝑴𝑮,𝒎𝒏,𝒌,𝒉 are set equal to zero. 

3.4. Energy balances 

Two energy balance constraints are imposed for each node, typical day, and time step of the typical day. The 
“+” sign is assigned to power/heat flows entering a node, the “–“ sign to power/heat flows exiting a node. 

Equation (19) shows the electrical energy (electricity) balance. 

−𝐷𝑒𝑙,𝑛,𝑘,ℎ − ∑ 𝑷𝑬𝑴𝑮,𝒏𝒎,𝒌,𝒉 +𝑚 ∑ 𝑷𝑬𝑴𝑮,𝒎𝒏,𝒌,𝒉(1 − 𝜆𝐸𝑀𝐺)𝑚 − 𝑷𝒆𝒙𝒑,𝒏,𝒌,𝒉 + 𝑷𝒊𝒎𝒑,𝒏,𝒌,𝒉 − 𝑃𝐻𝑃,𝑛,𝑘,ℎ + 𝑃𝑃𝑉,𝑛,𝑘,ℎ + 𝑷𝑰𝑪𝑬,𝒏,𝒌,𝒉 −

𝑷𝑬𝑬𝑺,𝒄𝒉𝒓𝒈,𝒏,𝒌,𝒉 + 𝑷𝑬𝑬𝑺,𝒅𝒊𝒔𝒄𝒉,𝒏,𝒌,𝒉 = 0.   (19) 

𝐷𝑒𝑙 is the hourly electricity demand in kW, 𝑚 is the set of nodes connected to the node 𝑛, 𝜆𝐸𝑀𝐺 = 0.02 is the 
constant loss factor of the microgrid. 

Equation (20) shows the thermal energy (heat) balance. 

−𝐷𝑡ℎ,𝑛,𝑘,ℎ − ∑ 𝑸𝑫𝑯𝑵,𝒏𝒎,𝒌,𝒉 +𝑚 ∑ [𝑸𝑫𝑯𝑵,𝒎𝒏,𝒌,𝒉(1 − 𝑙𝑒𝑛𝑝,𝑛𝑚𝜆′𝐷𝐻𝑁) − 𝑙𝑒𝑛𝑝,𝑛𝑚𝜆′′𝐷𝐻𝑁]𝑚 + 𝑸𝑯𝑷,𝒏,𝒌,𝒉 + 𝑄𝐼𝐶𝐸,𝑛,𝑘,ℎ −

𝑸𝑻𝑬𝑺,𝒄𝒉𝒓𝒈,𝒏,𝒌,𝒉 + 𝑸𝑻𝑬𝑺,𝒅𝒊𝒔𝒄𝒉,𝒏,𝒌,𝒉 = 0.   (20) 

𝐷𝑡ℎ is the hourly heating demand in kW, 𝑚 is the set of nodes connected to the node 𝑛, 𝑙𝑒𝑛𝑝 is the length of 

the pipeline in m, 𝜆′𝐷𝐻𝑁 = 5.4 × 10−5 1 m⁄  and 𝜆′′𝐷𝐻𝑁 = 7.4 × 10−3 kW m⁄  are the linearization coefficients of 
the district heating losses calculated according to [9] as a function of the pipeline capacity and supply, return 

and ground temperatures (𝑇𝑠𝑢𝑝𝑝𝑙𝑦 = 70°C, 𝑇𝑟𝑒𝑡𝑢𝑟𝑛 = 40°C, and 𝑇𝑔𝑟𝑜𝑢𝑛𝑑 = 10°C, respectively). 

3.5. Objective function 

The objective function 𝑓, to be minimized, represents the life cycle cost of the system actualized to one-year 

operation. 𝑓 is composed of two contributions: 𝑓′, associated with operation costs, and 𝑓′′ associated with 

investment costs. Thus, 𝑓 = 𝑓′ + 𝑓′′. 𝑓′ and 𝑓′′ are given in Eq. (21) and Eq.(22), respectively. 

𝑓′ = ∑ 𝑤𝑘𝑘 ∑ ∑ [𝑐𝑔𝑎𝑠(𝐹𝐼𝐶𝐸,𝑛,𝑘,ℎ + 𝐹𝐵𝑂𝐼𝐿,𝑛,𝑘,ℎ) + 𝑐𝑒𝑙,𝑏𝑢𝑦𝑷𝒊𝒎𝒑,𝒏,𝒌,𝒉 − 𝑐𝑒𝑙,𝑠𝑒𝑙𝑙𝑷𝒆𝒙𝒑,𝒏,𝒌,𝒉]ℎ𝑛 .  (21) 



𝑓′′ = {∑ ∑ [𝜏𝑔(𝑐𝑖𝑛𝑣,𝑣𝑎𝑟,𝑔𝑪𝒈,𝒏 + 𝑐𝑖𝑛𝑣,𝑓𝑖𝑥,𝑔)]𝑔𝑛 } + {∑ [𝜏𝐷𝐻𝑁𝑙𝑒𝑛𝑝(𝑐𝑖𝑛𝑣,𝑣𝑎𝑟,𝐷𝐻𝑁𝑪𝑫𝑯𝑵,𝒑,𝒏𝒎 + 𝑐𝑖𝑛𝑣,𝑓𝑖𝑥,𝐷𝐻𝑁)]𝑝 } +

{∑ [𝜏𝐸𝑀𝐺𝑙𝑒𝑛𝑙(𝑐𝑖𝑛𝑣,𝑣𝑎𝑟,𝐸𝑀𝐺𝑪𝑬𝑴𝑮,𝒍,𝒏𝒎 + 𝑐𝑖𝑛𝑣,𝑓𝑖𝑥,𝐸𝑀𝐺)]𝑙 }.   (22) 

𝑤𝑘  is the weight of the typical day 𝑘 , 𝑐𝑔𝑎𝑠 = 70€/MWh  is the purchasing cost of natural gas, 𝑐𝑒𝑙,𝑏𝑢𝑦 =

200€/MWh is the purchasing cost of electricity from the national grid, and 𝑐𝑒𝑙,𝑠𝑒𝑙𝑙 = 50€/MWh is the selling 

price of electricity to the national grid. The subscript 𝑔 (with 𝑔 = PV, ICE, BOIL, HP, TES, EES) refers to the 

set of energy conversion and storage technologies; 𝑐𝑖𝑛𝑣,𝑣𝑎𝑟 and 𝑐𝑖𝑛𝑣,𝑓𝑖𝑥 are the linearization coefficients of the 

investment cost of a technology or network (they are reported in Table 2 with their units); 𝑪 is the capacity 

(decision variable); 𝑙𝑒𝑛 refers to the length of a network branch in m; 𝜏 is the actualization factor of a technology 
or network and is calculated in Eq.(23), where 𝑟 = 0.05 is the interest rate and 𝑎 is the lifetime of a technology 
or network (see Table 2). 

𝜏 =
𝑟(1+𝑟)𝑎

(1+𝑟)𝑎+1
.    (23) 

Note that operation and maintenance costs of the installed components are not shown in Eq. (22) for simplicity. 
However, they are included and calculated as a share of the investment cost. 

Table 2  Linearized investment cost and lifetime of the energy conversion and storage technologies and 
energy networks. 

Quantity PV ICE BOIL HP TES EES DHN EMG 

𝑐𝑖𝑛𝑣,𝑣𝑎𝑟  1250€/kW 1740€/kW 65€/kW 117€/kW 244€/kWh 880€/kWh 103€/kW/m 34€/kW/m 

𝑐𝑖𝑛𝑣,𝑓𝑖𝑥  0€ 32050€ 1625€ 2145€ 970€ 3495€ 0.2€/m 0.05€/m 

𝑎, years 20 20 20 20 20 20 40 40 

 

The function 𝛷 defines the CO2 emissions of the system in one year of operation, as shown in Eq. (24). 

𝛷 = ∑ 𝑤𝑘𝑘 ∑ ∑ [𝑒𝑔𝑎𝑠(𝐹𝐼𝐶𝐸,𝑛,𝑘,ℎ + 𝐹𝐵𝑂𝐼𝐿,𝑛,𝑘,ℎ) + 𝑒𝑒𝑙,𝑔𝑟𝑖𝑑𝑷𝒊𝒎𝒑,𝒏,𝒌,𝒉]ℎ𝑛 .  (24) 

𝑒𝑔𝑎𝑠 = 197kg/MWh is the direct emission factor of natural gas, 𝑒𝑒𝑙,𝑔𝑟𝑖𝑑 = 356kg/MWh is the indirect emission 

factor associated with the electrical energy withdrawn from the national grid. 

A reference scenario is defined by assuming that the aggregated electricity demand of the system is fulfilled 
by withdrawing electricity from the national grid, whereas the aggregated heating demand is met by burning 

natural gas in gas boilers. The resulting life cycle cost over one year of operation is 𝑓𝑟𝑒𝑓 = 135.4k€, whereas 

the CO2 emissions are 𝛷𝑟𝑒𝑓 = 307.6ton. 

A global constraint can be imposed on the maximum amount of CO2 emissions, in order to meet certain 
decarbonization targets. Equation (25) shows such a constraint, where 𝜀 > 0 is a fixed parameter. 

𝛷 ≤ 𝜀 × 𝛷𝑟𝑒𝑓.    (25) 

By iteratively decreasing the value of 𝜀, it is possible to carry out a sort of multi-objective optimization (the so-

called 𝜀-constrained multi-objective optimization) in order to obtain the Pareto front of the optimal solutions 
achieved for increasingly stricter reduction targets in carbon emissions. 

4. Results 

4.1. Cost-optimal system layout 

Initially, the optimization model has been tested without imposing the constraint on CO2 emissions (Eq. (25)). 
Thus, the obtained results correspond to the cost optimal solution. The resulting value of the objective function, 
i.e., of the life cycle cost over one year, is 𝑓 = 124.3k€, which is 8.2% lower than the reference scenario. The 

operation costs contribute for 𝑓′ = 52.1k€, whereas the investment costs for 𝑓′′ = 72.7k€. The total CO2 
emissions over one year are 𝛷 = 167.8ton, which are 45.4% lower than the reference scenario. Hence, a 
sensible reduction in CO2 emissions results to be economically convenient even without imposing 
decarbonization targets. 

Figure 2 shows the optimal layout of the energy networks, with the capacity of the district heating pipelines 
and electrical microgrid lines. Table 3 reports the optimal capacity of the energy conversion and storage plants 
at the node in which they are installed. The capacity of the DHN pipelines decreases by moving from the 
energy hub towards the end users. This is due to the mono-directionality of the heat flow, which only flows 
from the hub to the users. Note that the capacity of the DHN is higher than the one strictly required for meeting 
the heating demand of the end users because of the DHN losses, which have a not negligible impact on the 
system (79 MWh of losses in one year, more than 20% of the total heating demand). The installed capacity of 
PV is predominant, with 443.9 kW, for a yearly electricity production of 661.1 MWh that corresponds to a 
utilization factor of 17% (equivalent hours at the nominal power compared to the 8760 hours of one year). The 



installed capacity of the ICE is 57.8 kW, for a yearly electricity production of 198.8 MWh corresponding to a 
utilization factor of 39%. The gas boiler allows covering the heating demand peaks. Its installed capacity is of 
183 kW, for a yearly heat production of 43.6 MWh corresponding to a utilization factor of 3%. The HP covers 
the heating demand not covered by ICE and BOIL. Its installed capacity is 77.7 kW, for a yearly heat production 
of 134.2 MWh corresponding to a utilization factor of 20% The installed capacity of TES allows improving the 
operation flexibility of ICE and HP, thereby increasing their utilization factor. The installed capacity of EES is 
negligible. The electricity export to the national grid prevails on the electricity import because of the high 
capacity of PV. This is reflected by how the capacity of the electrical microgrid lines is distributed. In fact, it 
increases moving from the end users towards node 0, in which the system interfaces with the national grid. 

 

Figure 2  Cost-optimal layout of the energy networks. The capacities of the district heating pipelines and of 
the microgrid lines, in kW, are shown in red and blue, respectively. 

Table 3  Capacity of the installed energy conversion and storage plants. 

Node PV, kW ICE, kW BOIL, kW HP, kW TES, kWh EES, kWh 

3 100.0 0 0 0 0 0.5 
5 100.0 0 0 0 0 0.5 
7 8.0 57.8 183.0 77.7 95.1 0 
9 95.2 0 0 0 0 0.5 
11 48.4 0 0 0 0 3.7 
15 92.3 0 0 0 0 0.5 

 

Figure 3 shows the energy balances (electricity and heat) of the whole system over one year, with a daily 
resolution. It is obtained by replacing each day of the year with the typical day representing it. The 
predominance, in terms of energy, of PV generation is clear, as also the prevalence of the electricity export 
compared to import. Globally, 77% of the total electricity demand is covered by electricity generated on site, 
whereas 37% of the generated electricity is exported. The ICE is more exploited during the cold season 
because of the contemporary need of electricity and heat by the end users, which makes more effective a CHP 
operation. The HP share on the daily generation of thermal energy is higher during the warm season, because 
of the high availability of “free of charge” electricity from PV. However, in absolute terms, the HP generates 
more in winter, when the heating demand is higher. The role of the boiler in covering the heating demand 
peaks is clear. 

4.2. Variation of the reduction target on carbon emissions 

The effect of imposing stricter reduction targets in CO2 emissions has also been analysed. This corresponds 
to a decrease in the value of 𝜀 in Eq. (25), which represents the share of CO2 emissions compared to the 
reference scenario. The cost-optimal system configuration, which does not consider that constraint, already 
implies a reduction in CO2 emissions of 45%, corresponding to 𝜀 = 0.55. Thus, 𝜀 has been varied from 0.55 

towards 0. Figure 4a shows the obtained Pareto front. It is evident that, starting from 𝜀 = 0.55, the minimization 
of the life cycle cost and the minimization of the carbon emissions are two contrasting objectives. Thus, 
reducing 𝜀 results in increasing the life cycle cost. It is possible to reduce the CO2 emissions until 120ton/year 
(60% reduction compared to the reference) while maintaining the economic effectiveness of the system with 
respect to the reference scenario. Accordingly, a further reduction of 𝜀 results in compromising the economic 
convenience of the proposed system. Moreover, CO2 emissions cannot be reduced to zero because of the 
saturation of the PV and EES potentials (i.e., the available area for installing PV and space for installing EES 
become fully exploited). The minimum value that CO2 emissions can reach is 69 ton/year, 78% less than in 
the reference scenario. However, the corresponding life cycle cost is 45% higher than the cost-optimal case. 



Figure 4b shows how the capacity of the installed energy conversion and storage plants and largest network 
branches (EMG line 0-1, DHN pipeline 6-7) varies with 𝜀, i.e., with decreasing CO2 emissions (the plot should 
be read from right to left). The most evident result is the progressive increase in PV, HP, EES and EMG 
capacities. Moving from the cost-optimal system configuration to the minimum emitting one, the PV capacity 
almost doubles, the HP capacity increases of 130%, the EES capacity increases of more the 100 times, and 
the EMG capacity increases of 85%. The reason is that PV is the only renewable-based technology available. 
Thus, the increase in PV capacity is accompanied by an increase in HP capacity, in order to decarbonize the 
heating demand, and an increase in EES capacity, in order to decarbonize the electricity demand during the 
hours in which PV generation is not available. The EMG capacity increases too, in order to accommodate the 
increasing generation surplus from PV. The boiler capacity slowly decreases with decreasing 𝜀. The ICE 
capacity remains more or less constant, except for a sharply decrease (-91%) to allow the last marginal 
reduction in CO2emissions. This reflects a sharply increase (+93%) in TES capacity, which is required to 
improve the flexibility of the HP and, in turn, its utilization factor. The DHN capacity remains constant. 

 

Figure 3  Yearly energy balances of the considered multi energy system with a daily resolution. 

 

Figure 4  Results of the optimization for increasingly stricter constraints on CO2 emissions: a) Pareto front 
and b) share of the installed capacities compared to the cost-optimal solution. 

5. Conclusions 
This paper presents a general method for the design and operation optimization of multi-energy systems 
integrated with energy networks, with the goal of defining cost-effective system configurations to meet 
increasingly stricter decarbonization targets. The proposed method makes it possible to concurrently optimize 
the capacity of the available energy conversion and storage plants, the capacity of each branch of the available 
networks, and their operation, in order to minimize the life cycle cost of the system for a given cap on carbon 



emissions. A district multi-energy system composed of residential and commercial buildings, with their 
electricity and heating demands, and including a district heating network and an electrical microgrid has been 
considered as a test case. Without imposing any constraints on CO2 emissions, results show that it is possible 
to reduce the carbon emissions of the system of 45%, while also decreasing the life cycle cost of 8%, with 
respect to a reference scenario in which the entire electricity demand is fulfilled by withdrawing electricity from 
the national grid and the entire heating demand is met by burning natural gas in gas boilers. However, a further 
decarbonization compromises the cost-effectiveness of the system because of the investments in carbon-
neutral technologies and electrical microgrid, the installed capacity of which steeply increases.  

The main findings of the study are summarized below. 

▪ Photovoltaic is a promising solution for decarbonizing the electricity demand, by contributing for more than 
75% to the total electricity generation. Electrical storage systems are necessary for a deep decarbonization. 

▪ The higher share of photovoltaic generation in deeply decarbonized scenarios requires increasing the 
capacity of the electrical microgrid up to 85% compared to the cost-optimal system configuration. 

▪ The economic convenience of distributed electricity generation is mainly due to the self-consumption, which 
approaches 80% of the electricity demand, rather than to selling energy to the national grid. 

▪ Heat pumps are very effective in decarbonizing the heating demand if a surplus of photovoltaic generation 
is available on site. Their contribution to the thermal power generation approaches 100% in deeply 
decarbonized scenarios. Moreover, thermal energy storage allows improving their utilization factor. 

▪ Gas-fuelled combined heat and power internal combustion engines can contribute to the decarbonization 
of both electricity and heating demand in a first phase. However, the scarce heating demand of commercial-
residential districts during the warm season sensibly worsens the utilization factor of this technology, which 
results to be lower than 40%. 

▪ The capacity of the considered tree-shaped district heating network depends only on the heating demand 
of the end users, thereby remaining unchanged when the decarbonization target varies. 

The proposed paper is intended as a part of a wider study aiming at defining a method for the complete 
synthesis, design and operation optimization of multi energy systems integrated with energy networks. This 
means that the present work will be further developed in order to include the synthesis of the networks’ 
topology, the selection of the number and type of the energy conversion and storage plants, and their siting 
within the system into the optimization problem. The idea is to solve the overall synthesis, design and operation 
problem by means of an evolutionary algorithm, in which the method proposed here is run many times at each 
iteration for different configurations of the networks’ topology and plants’ position. 
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Nomenclature 
Abbreviations 

DHN District heating network 

EMG Electrical microgrid 

MES Multi-energy system 

SDO Synthesis, design and operation 

Subscripts 
𝑔 energy conversion and storage technologies (with 𝑔 = PV, ICE, BOIL, HP, TES, EES) 

ℎ hours of the day (with ℎ = 1, 2, …, 24) 

𝑘 typical days or cluster centers (with 𝑘 = 1, 2, …, 10) 

𝑙 electrical microgrid lines (with 𝑙 = 1, 2, …, 16) 

𝑛 nodes of the system (with 𝑛 = 0, 1, …, 16) (alternatively, 𝑚) 

𝑝 district heating pipelines (with 𝑝 = 1, 2, …, 12) 
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Abstract: 

Small-medium scale decentralized polygeneration systems can provide multiple energy services for urban 
districts like universities and hospitals, with several energetic, economic and environmental benefits. Indeed, 
their impact on both energy efficiency, cost and emissions reduction might be disruptive especially in urban 
districts located in a tropical region, where the cooling demand is approximately stationary throughout the 
whole year.  In this paper a multi-objective optimization model for distributed energy system in tropical climate 
is presented. The superstructure of the system comprehends a district cooling network that connects the users 
to medium-scale gas turbine system, solar PV plant, thermal and electrical chiller and a thermal storage. The 
optimization aims to determine the optimal design structure of the system, the size of each component inside 
the optimal solution and the optimal operation strategy. The multi-objective optimization is based on a three-
level structure: 1) the simulation level developed in TRNSYS; 2) the optimization level based on a pareto-
search algorithm developed in Matlab; 3) the Matlab-TRNSYS interface level. In this way the Pareto Front is 
identified and the possible improvements in both economic and environmental terms can be highlighted. The 
model has been applied to a specific real case study, namely a polygeneration system to be installed in the 
NTU campus located in Singapore, and it has been optimized for two different superstructure configurations. 
The results contribute significantly to developing an efficient and cost-effective energy storage polygeneration 
system and revealed that the optimized operation of the decentralized energy systems reduces energy costs 
and CO2 emissions, as compared with a scenario without integration of renewables and electric energy storage 
system as well as conventional energy supply systems. Indeed, numerical results show that the Pareto frontier 
provides good balancing solutions for planners based on economic and sustainability priorities. 

Keywords: 

Distributed polygeneration system, Design optimization, Cold economy, LNG, Electrical energy storage, 
Thermal energy storage. 

1. Introduction 
The energy demand for space heating and cooling is growing faster in buildings and already causing 
enormous strain on electricity systems in many countries, as well as driving up emissions [1][2]. The 
sustainability of heating and cooling is of high priority, and the strategy lists to achieve the 
sustainability goals are decreasing demand, increasing efficiency, and switching to renewable 
primary energy sources. To this end, the concept of decentralized polygeneration system and 
microgrid should be recognized as an enabling technology system with great potential. 
Polygeneration energy systems using multiple energy sources (e.g., wind, biomass, solar) and 
delivering multiple energy services (i.e., heating, cooling, and electricity) have potential economic 
and environmental benefits over traditional energy generation systems [3,4]. Indeed, simultaneous 
production of heating, cooling and power in a combined cooling heating and power system results 
in higher overall efficiency in comparison with the separate heat and power production [3]. 
Furthermore, having the energy supply system close to end users offers several other advantages 
such as lower distribution and transmission cost, less power loss through the transmission and 
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distribution line, alleviated environmental impacts, and enhanced resilience of the utility grid [5] . 
Mancarella [3] studied the status of existing models and evaluation methods for performance 
investigation of multi-energy systems (MES). A complete overview of MES considering various 
perspectives was provided. Jana et al. [6] presented the status of polygeneration technologies and 
their capacity to provide a sustainable energy solution. This study highlighted the necessity to 
conduct more research on multi-criteria optimization of polygeneration systems. Furthermore, the 
incorporation of innovative storage and generation units in complex polygeneration systems were 
suggested. A short review on optimization of polygeneration systems in urban applications was 
presented by Ghaem Sigarchian et al. [7]. The study emphasizes the necessity of further 
investigation on complex polygeneration systems to achieve results as close as possible to reality. 
Calise et al. [8] showed that for a combined production of electricity, cooling and heating to satisfy a 
defined end-user demand, distributed polygeneration systems (DPS) are the most efficient and 
sustainable way to simultaneously guarantee flexibility and reliability. Indeed, if a high penetration of 
unpredictable renewable energy sources is thought to be promoted, distributed polygeneration 
systems could allow to significantly increase the resiliency and flexibility of the power production and 
distribution networks [9]. Although almost no geographical region is at this stage yet, a potential 
promising outlook for energy infrastructures would then be a global spread of decentralized energy 
generation in which larger share of final energy consumption will be produced in a distributed way 
[10]. 

Directly responding to this ambitious target, a novel district scale demonstrator has been currently 
proposed and developed in Singapore [11], aiming to significantly contribute achieving the goal 
imposed by the country’s national agenda on sustainable development [12]. Based on the concept 
of distributed cryo-polygeneration system, namely an integrated rapidly deployable and highly 
energy-efficient solution that utilizes cold energy from Liquefied Natural Gas (LNG)  and waste heat 
from power generation, the project might help in meeting the growing energy needs of urbanization 
and industrialization, especially in tropical and sub-tropical areas. In order to maximize the benefits 
from the cryo-polygeneration system while still providing the same quality of energy services 
produced by conventional energy system, the optimal design of the plant layout is necessary and it 
requires the techno-economic analysis of single components in order to maximize the efficiency of 
the available energy resources [13]. Indeed, in order to avoid incurring unnecessary costs while still 
providing the required resilience and reliability, decentralized polygeneration systems require 
accurate components design [14]. Nevertheless, profitability of the cryo-polygeneration system might 
not be the only driver for the design optimization of the system: indeed, considering as objective 
function the CO2 emission, the optimization might lead to alternative system design. In such a 
context, a multiobjective approach helps identify balancing solutions to promote participation in the 
decision-making process and facilitate collective decisions. To this end, a multi-criteria optimization 
with respect to economic and ecological aspects and thus determination of Pareto optimal solutions 
has been methodologically developed. In literature the multi-objective optimization of distributed 
polygeneration systems has been the subject of many researchers within the recent years. Ahmadi 
et al. [15] presented the thermodynamic modelling and multi-objective optimization of an energy 
system for the simultaneous generation of electricity, heating, cooling and hot water. Gabrielli et al. 
[16] analyzed the design of a multi-energy system involving seasonal energy storage and based on 
a case study in a neighbourhood in Zurich, Switzerland, which is optimized in terms of total annual 
costs and carbon dioxide emissions. Ghaem Sigarchian et al. [17] applied a multi-objective 
optimization methodology to a small-scale decentralized polygeneration system: the distributed 
polygeneration systems reduces both CO2 emissions and annualized total cost up to 29% and 19%, 
respectively. 

Nevertheless, there seems to be a lack in the literature of studies addressing the optimal operation 
and design of distributed polygeneration systems in cooling dominated geographical region, as for 
the urban district in a tropical area characterized by high and uniform temperature and humidity 
throughout the year.  Indeed, although the investigation of energy systems in a cooling dominated 
context is gaining momentum in literature with few studies highlighting the benefit of district cooling 
[24] and energy storages in tropical areas [25,26], overall, a systematic and generalized research 
with an on-site real application on the decarbonization in tropical climate by means of decentralized 
polygeneration systems is still lacking [24]. In this framework, the present paper aims to go a step 
further by significantly improving the knowledge on this topic. Indeed, in this paper the multi-objective 



 
 

optimization model is applied to the cryo-polygeneration concept, and the Pareto frontiers associated 
to two different system configurations are evaluated. The results of the optimizations can be used to 
identify the best trade-off solutions. The main objective of the multi-objective optimization is to 
determine the optimal design (sizing) and the optimal operation strategy for any component within 
the optimal solution. Indeed, the analysis aims to evaluate the economic and environmental benefits 
of the integration between gas turbine, PV and energy storage solutions when the optimal synthesis 
and operation of the whole energy supply system are adopted. 

2. Methodology 

2.1. Cryo-polygeneration concept 

The proposed cryo-polygeneration system concept (developed in TRNSYS) is shown in Fig. 1, 
consisting diverse technologies for electricity and cold energy generation and storage. The electric 
power is produced from the gas turbines (GT) and photovoltaics (PV) modules whereas the LNG 
regasification unit (RU), an absorption chiller (ABC) utilizing the waste exhaust heat from the gas 
turbine and vapour compression water-cooled chillers (WCC) are mainly to support the cooling loads. 
Cold thermal energy storage (CTES) and battery electrical energy storage (BESS) act as a buffer to 
complement the unpredictability of renewable energy sources and as a bulk storage to maximize the 
exploitation of excess thermal energy and electricity. More information regarding the simulation 
model can be found in Ref.[18]. 

Two design scenarios are considered to study the economical and environmental benefits of the 
critical distributed technologies (Table 1). The adopted search space values are set according to the 
demand and the available footprint area for each component. Scenario 1 consists of well-established 
technologies such as gas turbines, LNG regasification units, thermal (ABC) and electrical (WCC) 
chillers. In scenario 2, the photovoltaics (PV) system and thermal/electrical energy storage solutions 
(CTES and BESS) are included to understand the role and impact of renewable combined with 
energy storage. Conversely, the case where all the demands of the buildings are supplied by the 
electricity in a grid connected environment is taken as the baseline case scenario (Fig. 2). The 
performance results of this configuration will provide a reference for the two scenarios under 
investigation. 

Table 1 Cryo-polygeneration design case scenarios and optimization search space. 

Components  Search Space 

BC 1 2 Minimum Maximum 

GT - ✓ ✓ 0 10000 kWe 

PV - - ✓ 0 25000 kWp 

BESS - - ✓ 0 80000 kWhe 

LNG RU - ✓ ✓ - - 

ABC - ✓ ✓ 0 15000 kWc 

WCC ✓ ✓ ✓ 0 15000 kWc 

CTES - - ✓ 0 10000 m3 

Utility Grid (import) ✓ ✓ ✓ - - 

 

 

 
Fig. 1. Superstructure of the Cryo-polygeneration system. 



 
 

 

2.2. System model 

The layouts described in Section 2.1 were dynamically modeled and simulated in TRNSYS 
environment. TRNSYS is an object-oriented based software that enables to simulate the transient 
behavior of systems predominantly focused on assessing the performance of thermal and electrical 
energy systems. The software is made up of two main parts: a simulation engine to solve the dynamic 
mathematical problem and a large library of built-in components or types (e.g., pumps, mixers, 
diverters, heat exchangers, etc.), often validated by experimental data. Fig. 3 shows the cryo-
polygeneration system layout implemented in TRNSYS environment: red lines refer to the electricity 
stream; brown line represents the waste heat flow from the gas turbine to the absorption chiller; 
green line refers to the LNG stream and blue lines represent chilled water stream. 

 

 

 

2.2. Mathematical problem 

Electricity demand and electricity required by vapour compression chiller can be satisfied by grid 
power, by the electricity provided by the gas turbines, PV, and by the electricity discharged from the 
BESS. It is assumed that all the electricity provided by GT and PV is self-consumed, while no extra 
electricity is sold back to the power grid. Space cooling demand can be satisfied by thermal energy 
provided by the GT through the absorption chiller, vapour compression chillers, and by thermal 
energy discharged from the CTES. 

 

2.2.1 Decision variables 

 
Fig. 2. Superstructure of the baseline case scenario. 

 
Fig. 3. General layout of the TRNSYS-Cryo-polygeneration system. 

 



 
 

In the optimization problem, the decision variables include: the existence and sizes of energy 
devices; operation status (on/off) and energy rates provided by energy devices; capacities of 
electrical and thermal storage devices; electricity and heat rate input and output to/from electrical 
and thermal storage devices. 

 

2.2.2 Economic objective function 

The total annualized cost (TAC) is the first objective function of the optimization process, a premier 
economic index taking into account all the expenses during the yearly operational of the project, 
defined as: 

 

𝑇𝐴𝐶 = 𝐶𝐴𝑃𝐸𝑋𝑎𝑛𝑛 +  𝑂𝑃𝐸𝑋𝑈𝐺 + 𝑂𝑃𝐸𝑋𝑓𝑢𝑒𝑙 + 𝑂𝑃𝐸𝑋𝑂&𝑀  + 𝑂𝑃𝐸𝑋𝐶𝑂2 (1) 

 

The key parameters for the economic analysis are defined for the different scenarios as follows. 

CAPEXann is the annualized sum of the capital costs, the balance of plants and installation costs of 
the kth component of the system computed as: 

 

𝐶𝐴𝑃𝐸𝑋𝑎𝑛𝑛 = ∑ 𝐶𝐴𝑃𝐸𝑋𝑘

𝑘

∙ 𝐶𝑅𝐹𝑘 = ∑ 𝑆𝐶𝑘

𝑘

∙ 𝐶𝑘 ∙ 𝐶𝑅𝐹𝑘 (2) 

 

Where SCk and Ck are the specific capital cost and the capacity of kth component, respectively; CRF 
is the capital recovery factor of the kth component which takes into account the effect of annual 
interest rate “i” and the component lifetime “Nk” expressed as: 

 

𝐶𝑅𝐹 =
𝑖 ∙ (1 + 𝑖)𝑁𝑘

(1 + 𝑖)𝑁𝑘 + 1
 (3) 

 

OPEXUG accounts for the annual operational cost due to the utilization of the utility grid. It comprises 
three main factors, namely a) the contracted capacity charge, b) the electricity purchased at a certain 
electricity tariff ET, daily subject to peak and off-peak time periods and c) the use of systems or 
transmissions costs: 

 

𝑂𝑃𝐸𝑋𝑈𝐺 =  𝑃𝑈𝐺,𝑚𝑎𝑥 ∙ 𝐶𝑐𝑎𝑝,𝑐ℎ + ∫ 𝑃𝑈𝐺 ∙ [𝐸𝑇(𝑡) + 𝑈𝑂𝑆(𝑡)] ∙ 𝑑𝑡

365

0

 (4) 

OPEXfuel accounts for the annual operational cost related to the total amount of LNG purchased 
(mLNG) at a defined price (pLNG): 

 

𝑂𝑃𝐸𝑋𝑓𝑢𝑒𝑙 =  ∫ 𝑚𝐿𝑁𝐺 ∙ 𝑝𝐿𝑁𝐺(𝑡) ∙ 𝑑𝑡

365

0

 (5) 

 

OPEXO&M are the annual operational and maintenance costs of the kth component expressed as a 
fraction (ϕO&M,k) of the total CAPEXk: 

 

𝑂𝑃𝐸𝑋𝑂&𝑀 =  ∑ 𝐶𝐴𝑃𝐸𝑋𝑘

𝑘

∙ 𝜙𝑂&𝑀,𝑘 (6) 

 

As of now, conforming to the Paris Agreement, an increasing number of countries promote energy efficiency 
measures and the adoption of renewables by including a carbon tax  [47,48]. To this end, an operational annual 
cost related to this tax (taxCO2 expressed in $/tonCO2) is included in the economic analysis as OPEXCO2 
computed as: 

 



 
 

𝑂𝑃𝐸𝑋𝐶𝑂2 =  ∫ 𝑚𝐶𝑂2(𝑡) ∙ 𝑡𝑎𝑥𝐶𝑂2 ∙ 𝑑𝑡

365

0

 (7) 

The key input data for the techno-economic analysis used in this work are depicted in Table 2. 

 

Table 2. DES Economic parameters [17,19–23]. 
Parameter GT PV  BESS LNG RU ABC WCC CTES 

SC  1200 $/kWe 883 $/kWe  380 $/kWhe 43.5 $/kgh 230 $/kWc 150 $/kWc 31.8 $/kWhc 

ϕ [%] 3 0.5  1 0.5 2 2 1 

Lifetime [years] 30 30  20 30 30 30 30 

 

 

2.2.3 Emissions objective function 

The environmental objective is to minimize the environmental impacts in terms of CO2 emission from 
the electricity grid and the consumed fuels. The CO2 emission due to the use of electricity from the 
electricity grid is evaluated by multiplying the grid emission factor of the electricity grid (GEF 
[kgCO2/kWhe]), and the total amount of electricity purchased from the grid. The carbon intensity of the 
electricity grid that the cryo-polygenerator is connected to is the amount of CO2 emission per unit of 
electricity generated which depends on the fuel mix of Singapore [24]. The CO2 emission due to the 
natural gas consumption is evaluated by multiplying the carbon intensity of the fuel, (CING 
[kgCO2/kgNG]), and the total amount of fuel consumption of the cryo-polygenerator system: 

 

𝑚𝐶𝑂2
=   ∫ 𝑃𝑈𝐺 ∙ [𝐺𝐸𝐹] ∙ 𝑑𝑡

365

0

+ 𝑚𝑓𝑢𝑒𝑙 ∙ 𝐶𝐼𝑁𝐺 (8) 

  

2.2.4 Constraints 

The objective function is constrained to the energy balance equation following the rules and 
limitations of the operating strategies. Some of the critical constraints accounted in the design 
optimization problem are: 

 

• The electricity and cooling demands are fulfilled at all periods. Otherwise, a high dynamic 
penalty is imposed on the objective function based on the deviation from the desired value 
(complete load satisfaction). 

 

• The operation of the gas turbine is prevented below recommended minimum partial load ratio 
(PLR) to increase its lifetime and decrease the emissions [25]. This constraint is implemented 
in TRNSYS by a differential controller component limiting the gas turbine operation as 
follows: 

0.2 ≤ 𝑃𝐿𝑅 (𝑡) ≤ 1 (9) 

 

• The capacity of the DPS components is limited to the identified optimization search space. 
The adopted search space values are set according to the demand and the available footprint 
area for each component. 

• The operations of the electrical and thermal energy storage (BESS and CTES) are limited to 
their maximum and minimum state of charge. 

• Revenues from the PV electricity feed-in are not accounted in the TAC equation as it is not 
within the scope of this work to merely maximize this profit by operating a small power plant. 
Nevertheless, this component can be further analyzed in future works. 

 

2.2.5 Optimization method 



 
 

In this section, the general structure of the optimization tool and the optimization technique has been 
explained. The optimal design (sizing) and operational strategy of the cryo-polygeneration 
components are based on a three-level configuration. The simulation level (TRNSYS [26]), the “multi-
objective genetic algorithm” (gamultiobj) level [27]) and the interface for the communication between 
those two levels (Matlab [28]). In particular, TRNSYS is dynamic simulation software whose solver 
calls the subroutines present in the input file and tries to solve the equations for each simulation time 
step. Gamultiobj is a multi-objective optimization algorithm that minimizes multiple objective 
functions subject to a set of constraints. The Matlab code developed by the authors acts as an 
interface between TRNSYS simulator and the “gamultiobj” algorithm and streamlines the 
optimization process. The multi- objective genetic algorithm in-built in MATLAB, i.e. the gamultiobj 
function [64], is based on the very popular Non-dominated Sorting Genetic Algorithm – II [27], and 
is frequently utilized in literature  [29] for the accuracy of the Pareto front. 

3. Results 
This section discusses the optimal DERs capacities obtained for the cryo-polygenerator system and 
compares the economics and environmental benefits of polygeneration configurations with reference 
to the base case. The objective functions are estimated by performing TRNSYS simulation for one 
year with a half an hour time resolution. The electricity and cooling demands are defined on half an 
hourly basis and are available thanks to smart meters connected directly with the building. Fig. 2 
shows representative weekly electrical and cooling demand, a segment of yearly demands 
considered in this study. Other crucial input data such as fuel price, Singapore weather data, future 
projections are assumed for all scenarios. The economic analysis was carried out based on 30 years 
project lifetime. Given those input data, by solving the multi-objective optimization problem, the 
Pareto front, consisting of the best possible trade-offs between the two objectives, can be obtained. 
Each point of the Pareto front corresponds to a different operation strategy of the DES. The operators 
of DESs can choose the operation strategy from the Pareto front based on the economic and 
environmental priorities. 

 

  
(a) (b) 

Fig. 4. Weekly electricity (a) and cooling (b) demands for the building located in NTU campus. 

 

 



 
 

 

In order to understand how the operation strategies of the DES affect the TAC and the CO2 emission, 
the results at various trade-off points are shown in Fig. 5 illustrating the Pareto Fronts obtained for 
both scenarios. For the sake of comparison, the optimal point of operation for the baseline case 
scenario previously computed in Ref.[18] has been added in Fig. 5. Indeed, the baseline scenario 
represents the business-as-usual configuration where the utility grid provides the electricity to cover 
the electric and cooling demand and therefore the electricity cost is predominant (≈95 %) compared 
to all the other TAC cost components. From Fig. 5, it can be noticed that for all scenarios the TAC 
and the carbon emissions are conflicting objectives, i.e. the higher the TAC is the lower the carbon 
emissions are. 

For both scenarios, all the optimal solutions outperform the baseline scenario both in terms of TAC 
and CO2 emissions. Furthermore, the optimized solutions of Scenario 1 experience a lower variance 
of the objective functions compared to scenario 2 with average values of 5.6 MUSD and 27.67 
ktonCO2/year for the TAC and CO2 emissions, respectively. The reason for this is the smaller 
number of available technologies, hence there are less degrees of freedom. Despite a quite evident 
environmental benefits due to the introduction of renewables and electric energy storage with an 
average decrease of the CO2 emissions (13.88 ktonCO2/year), Scenario 2 provides a more diversity 
pool of optimal solutions with similar average of the TAC compared to Scenario 1. In order to provide 
a more accurate analysis of the results, for each scenario, component sizes for five different solutions 
(highlighted in Fig. 5) are evaluated. For each solution the component sizes are numerically reported 
in Table 3 while the different TAC cost breakdown are plotted in Fig. 6-Fig. 7. As previously 
mentioned, Fig. 4 can be utilized by the operators of the cryo-polygeneration system to economically 
and environmentally assess different design point of the plant, helping thus identifying balancing 
solution to simultaneously promote cost savings and sustainability. Indeed, by looking at the five 
different solutions in the two Pareto fronts in Fig. 5, it can be noticed that for the same TAC user can 
choose solution 4a instead of solution 5b to gain ≈66% environmental benefits in terms of carbon 
emissions. Another potential greener choice would be selecting solution 2a in place of solution 1a to 
reduce 25% carbon emissions at the expense of only ≈6% increase in TAC.  

In Scenario 2, it is evident that, as solutions move towards the carbon emissions objective the 
capacity of less carbon intensive technologies, such as PV and BESS, is increased, simultaneously 
reducing the GT capacity. The absorption chiller capacities follow the same trend of the gas turbines 
with a general decrease due to the reduction of the available waste heat at the GT outlet. As a result, 
the size of the WCC increases to balance the reduction of the cooling fulfilled by the ABC. 
Nevertheless, as shown in Fig. 8a, reporting the ratio of the current ABC capacity to the potential 

 
Fig. 5. Pareto front for Scenario 1 and Scenario 2. 
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ABC capacity exploiting 100 % of the waste heat available (fABC), it can be seen that it is not anymore 
economically convenient to enhance the ABC capacity. Indeed, when the PV capacity started to be 
predominant over the gas turbine, part of the green electricity produced by the PV is conveyed to 
cover the electricity consumption of the WCC, whose technology is significantly cheaper than 
absorption chiller. As a result, the maximum available potential capacity of ABC is not fully exploited 
and the ratio fABC decreases along the Pareto front. Conversely in Scenario 1 (Fig. 8b), since PV is 
not considered in the optimization search space, the ratio fABC increases as the GT capacity 
decreases in order to maximize the exploitation of the available waste heat. 

 

Table 3. Optimal Technologies capacities from Multi-objective optimization for 5 different solutions. 

Solutions PGT [kWe] QABC[kWc]    QWCC [kWc] PPV [MWp] VCTES [m3] CEES [MWhe]       TAC [M$] 
CO2 em 

[kton/year] 

Scenario 2         

1a 4532 8373 6285 6700 4783 2.69 4.50 23.20 

2a 3346 6074 10107 14629 3109 3.58 4.76 17.51 

3a 2488 3463 10405 20494 3494 21.42 5.53 12.82 

4a 2260 2569 10669 22793 3483 50.98 6.44 8.67 

5a 2254 2453 11029 22841 3955 73.95 7.59 7.31 

Scenario 1         

1b 5389 7862 4742 - 3098 - 5.01 30.68 

2b 3895 7238 4763 - 3235 - 5.31 28.65 

3b 3375 7217 5298 - 3423 - 5.55 27.75 

4b 2682 6084 5379 - 3554 - 5.82 26.47 

5b 1754 4085 7646 - 3675 - 6.51 25.63 

 

By evaluating the TAC breakdown of the different optimal points for both Scenarios (Fig. 6-Fig. 7), 
different optimal strategies can be identified. Indeed, the analysis of the inhomogeneous distribution 
of the main cost components’ shares within the TAC provides further insights to explain the economic 
and environmental performance of the cryo-polygeneration system at the different optimal points. 
Since Scenario 1 relies only on the electricity provided by the GT and the electric grid, the operational 
costs due to fossil fuels consumption (Fuel_cost) and the ones due to the electric grid (OpexUG and 
Opex_capacity) are inversely proportional shifting to greener configurations. In addition, due to the 
decrease of the GT and ABC capacity, the CAPEX share in the TAC tends to decrease as well. 
Conversely, in Scenario 2, moving from solution 1 to solution 5 characterized by lower CO2 
emissions, the CAPEX becomes predominant with the highest TAC share (≈71 %) followed by 
operational cost due to the electricity grid (≈15 %). Indeed, in order to guarantee lower CO2 
emissions, the optimization algorithm prefers to enhance the capacity installation of the most 
expensive technologies such as PV and BESS, at the cost of sacrificing the TAC of the plant 
exponentially increased with the CAPEX. Simultaneously, despite the highest PV (23 MWp) and 
BESS (73 MWhe) capacities adopted for solution 5, the cryo-polygeneration system does not 
manage to satisfy the electricity peaks further increasing the necessity to tap into the electricity grid. 

This is particularly verified for intermediate solutions (2-3) while the operational cost due to the 
electricity grid starts to decrease for solution 4-5 with the heavily installation of the BESS capacity 
capable to partially satisfy the peak of the electric demand. 

 

 

 



 
 

 

 

 
Fig. 6.  Costs components of the TAC for Scenario 1. 

 
Fig. 7.  Costs components of the TAC for Scenario 2. 

  

(a) (b) 

Fig. 8. ABC capacity ratio (fABC) for Scenario 1 (a) and Scenario 2 (b). 

0.00E+00

1.00E+06

2.00E+06

3.00E+06

4.00E+06

5.00E+06

6.00E+06

7.00E+06

1 2 3 4 5

FuelCost[$] CAPEX*CRF [$] OpexUG[$]

Opex_capacity[$] OpexCarbonTax[$] OpexO&M[$]

0.00E+00

1.00E+06

2.00E+06

3.00E+06

4.00E+06

5.00E+06

6.00E+06

7.00E+06

8.00E+06

1 2 3 4 5

FuelCost[$] CAPEX*CRC [$] OpexUG[$]

Opex_capacity[$] OpexCarbonTax[$] OpexO&M[$]

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 2 3 4 5

f_
A

B
C

 =
 Q

_A
B

C
/Q

_p
o

te
n

ti
al

_A
B

C
 [

-]

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 2 3 4 5

f_
A

B
C

 =
 Q

_A
B

C
/Q

_p
o

te
n

ti
al

_A
B

C
 [

-]



 
 
 

4. Conclusions 
This paper discussed a design multi-objective optimization framework of novel cryo-polygeneration 
systems consisting of different distributed energy resources. The developed model has been applied 
to a real case study, a cryo-polygeneration system, expected to be operative during 2024 Q1, 
capable to cover the electric and cooling demand of a building located in a Singaporean university 
campus (NTU). The results confirm the workability of the framework that effectively determines the 
best possible trade-offs (Pareto fronts) between the total annualized cost and CO2 emission. Thus, 
the operators of DESs can choose the operation strategy from the Pareto front based on their cost 
and environmental priorities. The results also indicates that the implementation of renewables and 
electric energy storage in the cryo-polygeneration system (2nd scenario) has significant economic 
and environmental benefits over the 1st scenario, reducing the total annualized cost and the carbon 
emissions up to 30 % and 10 %, respectively. Furthermore, in this scenario, by further increasing 
the PV and BESS capacities, different greener solutions can be achieved, although to the detriment 
of the total annualized cost due to the current high capital cost of the BESS. In future investigations, 
the model will analyze the effects of: 1) the island mode scenario; 2) PV electricity exported to the 
grid; 3) different operating strategies and load characteristics on the performance of cryo-
polygeneration systems as well as the design of DES under uncertainty to provide more robust 
results; 4) the potential carbon emissions related to the construction of the decentralized energy 
systems. 
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Nomenclature 
 

Acronyms UG Utility Grid 

ABC Absorption Chiller UOS Use of system 

AC Air conditioning WCC Water cooled electrical chiller 

BC Baseline Case Symbols   

BESS Battery energy storage system η Efficiency [%] 

CAPEX Capital Cost [$] i Discount rate [%] 

CRF Capital Recovery Factor N Lifetime project [years] 

COP Coefficient of Performance φ CAPEX Fraction [%] 

CTES Cold Thermal Energy Storage Subscripts   

DPS 
Distributed Polygeneration 
System 

ann annualized 

EL Electrical load [kWe] base baseline 

ET Electricity tariff [$/kWhe] c cooling 

G Solar irradiance [W/m2] ch charge 

GEF Grid Emission Factor cap capacity 

GT Gas Turbine db deadband 

HE Heat Exchanger e electric 

LNG Liquefied Natural Gas FL Full-load 

NPV Net Present Value [$] imp imported 

OPEX Operational cost [$] max maximum 

PES Primary energy savings min minimum 

PLR Partial Load Ratio NC Nominal capacity 

PV Photovoltaic system nom nominal 

RU Regasification Unit ref reference 

SC Specific CAPEX s system  



 
 

STC Standard test conditions th thermal 

TAC Total annualized cost y years 
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Abstract: 
District heating systems in northern Europe experience large seasonal differences in heat demand, rendering 
summertime profitability marginal at best. This study discusses a novel concept of a district heating substation 
that increases heat consumption during the summer period for the purpose of conversion into cold for an air 
conditioning system. Cold is generated by an adsorption chiller driven by heat from the district heating system. 
The study numerically models the system and examines its operation during a 24-hour period. The research 
indicated the need for a cold storage unit to cover cooling demand when ambient temperature limits the 
operation of the chiller. Additionally, a heat storage unit is required in order to equalize heat consumption from 
the district heating network. 

Keywords: 
District heating network, district heating substation, adsorption chillers, PCM storage 

1. Introduction 
District heating networks (DHNs) are a key element in strategies designed to meet the goals set by the 
European Union’s Renewable Energy Directive [1] as they help deliver reductions in emissions of greenhouse 
gases among other things. This study deals with bolstering the profitability of DHNs by increasing heat 
consumption during the summer period [2]. In Poland, the typical heat consumption curve in a DHN is 
extremely seasonal, with the ratio of summer to winter heat demand being 1:10, as shown in Figure 1 below. 
 

 

Figure. 1. Annual profile of heat consumption in a mid-sized Polish city, as per Chorowski [3] 

Researchers report very similar heat demand profiles in other European countries, e.g., in the Netherlands [4] 
and Finland [5]. Extreme seasonal fluctuations put the profitability of DHNs into question and this issue is 
driving research into increasing heat consumption during the summer period. A review of district heating and 
cooling systems by Lake [6] concluded that DHNs could be enhanced with new technologies. The author cited 
thermal energy storage and absorption chillers as possible avenues to increase DHN efficiency.  



The idea of cold district heating is widely discussed in the available literature [7], which defines it as cold water 
distribution in the range 10°C to 25°C. Pellegrini [7] notes that water cooling in such systems is done by electric 
reversible heat pumps. However, these pumps increase electricity consumption and fail to make use of the 
DHN. In contrast, replacing compressor heat pumps with adsorption refrigeration units boosts summertime 
consumption of heat thereby reducing summertime heat losses. 
Grzebielec et al. [8] examined the possibility of using an adsorption refrigeration unit in a district heating 
substation (DHS). The authors concluded that it is feasible to use adsorption heat pumps for cold generation, 
and that this appears to be a promising solution because it uses existing infrastructure for cold generation on 
the customer's side without requiring long-distance cold transmission. Halon et al. [9] reported on an adsorption 
heat pump driven by heat from the DHS. The heating temperature was 55°C and the released heat was 
directed to a rooftop cooling tower.  
Wu et al. [10] analyzed a composite heating substation with another type of absorption heat pump with water-
LiBr as the working agent and a two-plate heat exchanger. The paper sought to improve the utilization 
efficiency of geothermal water and the primary supply water. 
Another idea of improving DHS efficiency was reported by Turski [2], where the authors compared a 150 kW 
DHS operating with and without a heat storage accumulator: heat storage accumulators improved the 
efficiency of the entire heating system by 22%.  

McNally et al. [12] experimentally investigated the performance of an adsorption chiller operation in two 
modes: 

• Constant hot water temperature – to represent the DHN. 
• Varying hot water temperature – to represent the heat from flat plate solar collectors. 

The temperature variations of hot water impacted performance more than the flow variations. Therefore, 
adsorption chillers are suitable for use with DHNs. 

The issue limiting the integration of adsorption chillers for cold generation is the temperature of the heating 
medium, which is too low for commercial adsorption heat pumps. The temperature of the available heat source 
could be raised by upgrading the substation with thermal storage tanks linked to renewables [15]. A promising 
heat storage technology is the PCM storage unit, as it requires 40% less volume than a water-based heat 
accumulator [13]. Due to a paucity of publicly available information, the potential of PCM heat storage is not 
widely recognized [14]. The influence of using heat storage with PCM on inlet and outlet temperatures in 
substations was investigated by Nogaj et al. [15]. The authors examined the integration of PCM with a single-
function substation whose thermal power is 150 kW. Once the PCM was integrated, the difference in average 
return water temperature fell from 7.15K to 2.29K. This allowed the accumulation of 69.5% of excess heat and 
improved the efficiency of the entire heating system by 22%. The authors concluded the use of PCM 
accumulators gives potential energy savings of up to 6.7%.  
1.1. Paper objective 
A review of available literature indicates an opportunity to implement new technologies in DHNs in order to 
achieve enhanced efficiency. The study models a novel hybrid district heating substation designed to ensure 
increased summertime heat consumption; the period when heat losses peak due to very low heat consumption. 
The concept is to supplement the DHS with an adsorption chiller, which will be used to generate cooling for 
the air conditioning system of a building. The proposed solution uses existing DHN infrastructure for 
trigeneration and generates cooling directly on site. Thus, heat from the hybrid district heating hub will be used 
for heating the building in winter, and in summer will drive a chiller for air conditioning needs. 
This paper introduces the following novelties: 

• Concept of a novel hybrid DHS for cold generation 
• Integration of PCM heat and cold storage units for heat load consumption equalization and to provide 

cold for air conditioning systems in very hot periods. 
The concept is verified with a numerical study, which examined system behavior in Polish conditions. 

2. Theory 
The substation is a key element of the DHN, which is responsible for transferring heat from the medium that 
circulates in the DHN to the internal heating system inside buildings. Currently, summertime use of heat is very 
low. Integrating the cooling loop in the DHN would boost summertime heat consumption as it will be used for 
cold generation by adsorption heat pumps. 
The general concept of the hybrid DHS is shown in Figure 1. The main system elements are an adsorption 
heat pump, DHS heat exchangers, and cold and heat storage units. The idea is to deliver cold for an office air 
conditioning system. The DHS is tasked primarily with producing cold by means of an adsorption chiller driven 
by heat from the DHN. The DHS is also equipped with cold and heat storage units. The heat storage unit is 
used to equalize heat consumption from the DHN, while the cold storage unit covers peak cooling demand 



from the storage units. Thus, the installed capacity of the adsorption chiller could be lower in terms of power 
than the maximum peak power and its operation will be smoother. 

 

Figure 2. Topology of a hybrid DHS, (1) heat exchanger, (2) PCM for heat storage, (3) adsorption chiller, (4) 
PCM for cold storage 

The thermodynamic parameters for the nominal operating points are shown in the table 1. The points from the 
table correspond to the above topology diagram. 
 

Table 1.  Basic thermodynamic parameters  
Point Temperature Mass flow rate Comment 
I 65.0°C 10 kg/s DHS heat supply pipe 
II 64.5°C 10 kg/s DHS return pipe 
III 55.0°C 0.607 kg/s Return pipe  
IV 60.0°C 0.607 kg/s Heat for driving adsorption heat pump 
V 28.2°C 1.33 kg/s Return from dry cooler 
VI 25.0°C 1.33 kg/s Heat for dry cooler  
VII 16.0°C 0.806 kg/s Cold for air conditioning 
VIII 14.3°C 0.806 kg/s Return from air conditioning 
 
For the purpose of this study, we assumed the DHS delivers heat and cold to an office building of total area 
142 m2, total volume 426 m3 with 6 rooms. Cooling demand is determined by a mathematical model, where 
the air conditioning is to maintain the interior at a temperature not exceeding 25°C during the summer period. 
Air temperature inside the rooms changes as per the equation: 
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕
𝑚𝑚 ∙ 𝑐𝑐𝑝𝑝 = �̇�𝑄𝑎𝑎𝑎𝑎𝑎𝑎 + �̇�𝑄𝑒𝑒𝑒𝑒 + �̇�𝑄𝑝𝑝𝑒𝑒𝑝𝑝𝑝𝑝𝑒𝑒𝑒𝑒 + �̇�𝑄𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒,𝑝𝑝𝑜𝑜𝜕𝜕 + �̇�𝑄𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒,𝑎𝑎𝑖𝑖 + �̇�𝑄𝑓𝑓𝑒𝑒𝑝𝑝𝑝𝑝𝑎𝑎 + �̇�𝑄𝑐𝑐𝑒𝑒𝑎𝑎𝑒𝑒 + �̇�𝑄𝑤𝑤𝑎𝑎𝑖𝑖𝑤𝑤𝑝𝑝𝑤𝑤 + �̇�𝑄𝑠𝑠𝑜𝑜𝑖𝑖,𝑤𝑤𝑎𝑎𝑖𝑖𝑤𝑤𝑝𝑝𝑤𝑤,  (1)                

 
To simplify the model, �̇�𝑄𝑓𝑓𝑒𝑒𝑝𝑝𝑝𝑝𝑎𝑎  , �̇�𝑄𝑐𝑐𝑒𝑒𝑎𝑎𝑒𝑒   and �̇�𝑄𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒,𝑎𝑎𝑖𝑖  were omitted in the final calculations. The resulting cold 
demand for the office is shown in Figure 2 below. 
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Figure 3. Demand for cooling power of the office building for each hour in the year 

To investigate system behavior, the system was modeled in Ebsilon v.15, which is recognized as a robust tool 
for the simulation of energy systems [11,12]. The topology of the DHS implemented in Ebsilon is shown in 
Figure 1. The cold is generated by an adsorption chiller, which is driven by heat from the DHN. The DHS 
operates with SORTECH eco 2.0, which generates cooling water at a temperature of 16°C. 

The basic technical data of adsorption heat pump SORTECH, eCoo 2.0 are presented in Table 2. 

Table 1.  Basic thermodynamic parameters  
Parameter Value 
Cooling power 16 kW 
Heating power 50 kW 
COP 0.65 kW 
The temperature of hot water 50 .. 95°C 
Recooling water temperature 22 .. 40°C 
Cooling water temperature 8 .. 21°C 

 

 

Figure 4. Cooling power of an adsorption chiller as a function of dry cooler water temperature for various 
temperatures of water in DHS 
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Figure 5. COP of an adsorption chiller as a function of cooling water, for various temperatures of DHS 

For simulation purposes, we implemented SORTECH characteristics to determine the performance of an 
adsorption chiller. The adsorption chiller power as a function of cooling water is shown in Figure 3. The system 
is driven by the water network at temperature 60°C. Figure 4 shows that the COP of the chiller reaches very 
low values when the cooler water temperature rises above 34°C. Thus, a higher temperature of the driving 
source is required in order to increase COP. However, as the driving source is the DHN, it is not always 
possible to increase the temperature. 

The DHS has two PCM storage units for storing heat and cold. CrodaTherm 60 PCM and CrodaTherm 15 
were selected for heat and cold storage, respectively. Their storage properties are shown in Fig. 5. 

a)  b)  

 

Figure 6. Thermal profile of heat and cold storage units, a) and b) respectively  

The PCM storage units are simulated by component 119 Indirect Storage, which calculates the non-steady 
state heat exchange of the material with the fluid that flows through and around it. Based on the initial state of 
the temperature field, component 119 calculates the change in the temperature field of the pipe due to a 
change of the determining factors within a defined period of time. The determining factors are defined by the 
specification values of the component and by the state variables of the fluid at the component inlet. For the 
purpose of the study, the characteristics curve for heat and cold storage PCM, respectively, were implemented 
for this component, as shown in Fig. 5a and 5b. 

 



3.Results 

The behavior of the hybrid DHS was tested on operational data from the DHN in the town of Ostrołęka in 
northeastern Poland. The DHN operates at varying water flow rates and supply temperatures. The design 
operating temperature is 120/65°C, which corresponds to ambient temperature -20°C. The summertime 
heating medium is 65°C and the return water is 50°C. The heating medium is water, whose pressure is 0.9 
MPa and 0.2 MPa during winter and summer, respectively. The temperature variations with respect to ambient 
temperature are shown in Fig. 7. 

 

Figure 7. Hot and cold pipe temperature variations as a function of ambient temperature  

The behavior of the novel hybrid DHS was examined during a 24-hour sunny summer day operation. Demand 
for cold and ambient temperature are shown in Figure 6 below.  

 

Figure 8. Adsorption chiller power as a function of hour of day 
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Firstly, the study revealed that the adsorption chiller does not operate when the ambient temperature exceeds 
25°C (see Figure 7). Therefore, either the refrigeration technology must change or a cold storage facility is 
required. A cold storage unit was selected, as it can cover demand for cold during hot periods. 

 

Figure 9. Adsorption chiller power during the day  

 

 

Figure 10 Heat consumption with system with PCM heat storage (blue line) and without (red line) 

Figure 10 shows heat consumption from the DHN for two scenarios: operation with and without a heat storage 
accumulator. The implementation of heat storage enables constant heat consumption by the DHS.  

The loading/unloading curves of heat and cold storage units are shown in Figure 9.  
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Figure. 11. Loading and unloading curves for heat and cold storage units 

The above chart shows that the heat storage units are loaded until 10 am and when the adsorption chiller is 
unable to operate due to the high ambient temperature, heat storage loading begins (red line). 

4. Conclusions 
The aim of the research was to examine the concept of a hybrid district heating substation for heat and cold 
generation. The operation of the DHS was examined using representative data from the system operating in 
a small city in northeastern Poland, where the summertime temperature of the medium is 65°C. The DHS was 
assumed to deliver cold for an office air conditioning system. Cold was generated by an adsorption heat pump 
(SORTECH eCO 2.0) supported by two accumulators: for heat and cold storage.  
Operation of the system was simulated across a 24-hour period on a sunny day, when ambient temperature 
reaches the maximum possible value of 30°C. The examination revealed there is a limiting ambient 
temperature for the selected adsorption heat pump, i.e., it is unable to operate when the ambient temperature 
exceeds 25°C, and the cold for the office air conditioning system has to be supplied from the PCM cold storage 
unit. System operation indicated a need to use a heat storage accumulator to equalize heat consumption, 
which should reduce summertime heat losses from the DHS. 
To conclude, the numerical study proved the concept for the novel hybrid DHS and indicated the operating 
limits for this technology. The main advantage of our solution is the ability to use existing heating infrastructure 
to generate cooling with adsorption chillers. This reduces electricity consumption for air conditioning and 
boosts summertime heat consumption, increasing the efficiency of the DHN. The preliminary study revealed 
that the modeled DHS is a promising solution to increase heat consumption during the summer period, which 
should deliver increased profitability for DHNs. However, more detailed study is required to optimize PCM 
storage tanks and control strategy selection.  
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Nomenclature 
 
DHS  district heating substation 
DHN  district heating network 
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𝑇𝑇  indoor temperature 
𝑚𝑚   mass of the air, 
 𝑐𝑐𝑝𝑝   specific heat of the air, 

 �̇�𝑄𝑎𝑎𝑎𝑎𝑎𝑎   heat exchanged via ventilation, 

 �̇�𝑄𝑒𝑒𝑒𝑒   heat gain from electric devices, 

 �̇�𝑄𝑝𝑝𝑒𝑒𝑝𝑝𝑝𝑝𝑒𝑒𝑒𝑒   heat coming from people inside, 

 �̇�𝑄𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒,𝑝𝑝𝑜𝑜𝜕𝜕  heat exchanged via convection on the outer walls, 

 �̇�𝑄𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒,𝑎𝑎𝑖𝑖  heat exchanged via convection on the inner walls, 

 �̇�𝑄𝑓𝑓𝑒𝑒𝑝𝑝𝑝𝑝𝑎𝑎   heat exchanged via convection on the floor, 

 �̇�𝑄𝑐𝑐𝑒𝑒𝑎𝑎𝑒𝑒   heat exchanged via convection on the ceiling, 

 �̇�𝑄𝑤𝑤𝑎𝑎𝑖𝑖𝑤𝑤𝑝𝑝𝑤𝑤  heat exchanged via convection on the windows 

 �̇�𝑄𝑠𝑠𝑜𝑜𝑖𝑖,𝑤𝑤𝑎𝑎𝑖𝑖𝑤𝑤𝑝𝑝𝑤𝑤  heat exchanged via solar radiation through the windows. 
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Abstract: 

The EU's ambitious climate targets have highlighted the need for novel methodologies in the integrated energy 
system planning and the development of sector-coupled operation strategies. In order to balance generation 
and consumption in the electricity grid with a high share of renewable energies, energy storage potentials have 
to be utilized across all sectors and new demand-side management strategies have to be developed. The 
energy storage potentials of buildings could benefit the grid stability and support the exploitation of renewable 
energy sources. Still, these potentials are not well quantified and are not considered in today’s planning 
methods for district energy systems. This paper presents the derivation of widely applicable linear building 
models that capture both detailed demand characteristics and storage characteristics from dynamic building 
simulations, while accounting for thermal comfort. These models are integrated into linear energy system 
optimization models, enabling the hourly optimization of air source heat pump operation and the heat emittance 
into the buildings. The resulting approach allows for the quantification of flexibility indicators and provides 
insights into efficient operation strategies for buildings with varying thermal characteristics. The results indicate 
that all investigated buildings show economically viable potential for utilizing their thermal flexibility. While well-
insulated buildings demonstrate higher potential for longer-lasting preheating and storage periods, still 
buildings with poor or moderate insulation also offer potential for shorter periods of utilization. 

Keywords: 

Building demand flexibility; Building simulation; District energy system planning; Energy system optimization. 

1. Introduction 
With the agreement of the UN Climate Conference in Paris in 2015, 195 parties worldwide agreed to limit 
global warming to below 2 °C compared to pre-industrial levels and to reduce greenhouse gas emissions 
worldwide. As a result, with the European Green Deal, the EU has set itself the goal of zero net greenhouse 
gas emissions by 2050 [1]. This requires far-reaching measures in many areas and a drastic turnaround in the 
energy sector in particular. In 2019 over 53.1% of total final energy consumption in Germany was required for 
heating [2], with just 14.9 % coming from renewables [3]. This leaves the heating sector facing a challenging 
transformation. According to the German Ministry for Economic Affairs and Energy [4], the building sector, was 
the largest end energy consumer in Germany in 2020 with a share of 43.8 %, consisting of private households 
as well as commercial, trade and service properties. If the expansion of renewable electricity generation is 
driven forward, sector coupling technologies such as power-to-heat will strongly increase in importance [5]. 
Growing shares of renewable energy in the energy system lead to higher fluctuations in the power generation 
and creates a growing need to adapt the demand to the fluctuating generation. Therefore, demand side 
management of buildings, districts and district heating networks can play a crucial role in exploiting renewable 
energy sources.  

1.1. State-of-the-art 

According to the IEA-EBC Annex 67 [6], energy flexibility of buildings needs to be utilized across a large share 
of buildings and districts, in order to meet the minimum energy reduction to supply grid services and integrate 
sufficient amounts of renewable energy. The IEA EBC Annex 67 defines energy flexibility of buildings as: “the 
ability to manage demand and generation according to local climate conditions, user needs, and energy 
network requirements. Energy Flexibility of buildings will thus allow for demand side management / load control 
and thereby demand response based on the requirements of the surrounding energy networks.” [6]. To provide 
demand side management, both energy and power adaptions of the demand side are of interest, as well as 



the time in which they can be provided [7]. Demand side management includes all measures modifying the 
demand, including permanent retrofitting measures like renovations [8]. Demand response on the other hand 
is a subset of demand side management and only covers non-permanent actions, including load shifting and 
load shedding [8]. In this terminology the energy flexibility of a building is understood as the potential for 
demand response actions. Therefore, energy flexibility of buildings can be provided on the one hand by storing 
energy in batteries, in hot water tanks or inside the thermal mass of buildings and on the other hand by shifting 
the generation in time or by switching to other generation sources [9]. 

1.2. Flexibility indicators 

Reynders et al. [10] review common quantification methods for the flexibility of buildings and identify three 
common characteristics: i) temporal flexibility, ii) amplitude of power modulation and iii) the associated costs. 
Reynders et al. [11] introduce a generic quantification method for thermal energy flexibility in buildings. As a 
key indicator they define the available capacity for active demand response 𝐶𝐴𝐷𝑅 which can be used to quantify 
upward flexibility and describes the amount of surplus heat, that is additionally emitted into the building before 
the demand is reduced: 

𝐶𝐴𝐷𝑅 = ∫ (�̇�𝐴𝐷𝑅 − �̇�𝑅𝑒𝑓)
𝐼𝐴𝐷𝑅

0

𝑑𝑡. (1) 

Where 𝐼𝐴𝐷𝑅  is the duration of the active demand response, �̇�𝐴𝐷𝑅 the adapted heat flow during the time of the 

demand response and �̇�𝑅𝑒𝑓 the reference heat flow, that would occur without the demand adaption. They 

further introduce an efficiency indicator as the ratio between the demand reduction achievable through the 
demand response event and the additional demand required to achieve the reduced demand: 

𝜂𝐴𝐷𝑅 =
𝐷𝑒𝑚𝑎𝑛𝑑 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛

𝐴𝑑𝑑. 𝐷𝑒𝑚𝑎𝑛𝑑
= 1 −

∫ (�̇�𝐴𝐷𝑅 − �̇�𝑅𝑒𝑓)
∞

0
𝑑𝑡

𝐶𝐴𝐷𝑅

. (2) 

Kathirgamanathan and Péan et al. [9] analyse three adaptions of these indicators that are used in further 
literature [12–14]. They find that all indicators show relatively high robustness to different building types, 
climates and control schemes and consolidate a generic indicator for the available capacity as presented in 
equation (1). The indicator describing the efficiency of the demand response can vary between different 
applications and depends on the point of view of the stakeholder. Kathirgamanathan and Péan et al. show that 
different definitions are necessary to distinguish between downward flexibility, a shift of the generation to later 
times, and upward flexibility, a shift of the generation to earlier times.  

A third indicator introduced by Reynders et al. [11] is the power shifting capability 𝑡𝛿 of the buildings. The power 

shift �̇�𝛿 is described as the difference between the actual heating power during the demand response �̇�𝐴𝐷𝑅 

and the heating power that would occur during standard operation �̇�𝑟𝑒𝑓: 

�̇�𝛿  = �̇�𝐴𝐷𝑅  −  �̇�𝑟𝑒𝑓 . (3) 

The power shifting capability 𝑡𝛿 is defined as the duration this shift can be maintained without violating the 
restrictions of the building zone temperature for thermal comfort: 

𝑡𝛿 = 𝑡(�̇�𝛿). (4) 

1.3. Quantification of flexibility in buildings 

Vandermeulen et al. [15] evaluates the energy flexibility of buildings based on Belgian typologies with the 
flexibility functions introduced by [6]. They use a resistance-capacitance (RC) building models based on 
Protopapadaki et al. [16] and the DIN EN ISO 13790, which has been recently replaced by the DIN EN ISO 
52016 [17]. Dréau and Heiselberg [18] assess the thermal flexibility of two representative buildings from the 
Danish building stock using detailed building simulations in EnergyPlus [19]. They show that poorly insulated 
buildings can still be modulated over a short period of time. Furthermore, they demonstrate that the heating 
system of well-insulated buildings can be shut off for more than 24 hours and the flexibility potential is highly 
influenced by the type of insulation and the heating emitter system. Yang et al. [20] analyse the thermal 
dynamics of low-energy buildings connected to a district heating system using detailed Modelica models. They 
optimize the strategy to unlock flexibilities inside a building connected to a district heating network using a 
variable heat price. Nevertheless, the planning of demand side response strategies for district energy systems 
is still in the beginning and planners and operators are missing the right tools to quantify the flexibilities of their 
district energy systems and identify potential savings in the energy import costs and investments. In addition 
to monetary reductions, modelling the flexibility of buildings can also identify more efficient integration 
strategies of available renewable energy sources. 

1.4. Modelling the thermal flexibility of buildings in energy system optimization 
frameworks 

There are lots of existing frameworks and different approaches to optimize the operation or the design of 
district energy systems. The most common approaches are mixed-integer linear programming (MILP) models 
and include linear formulations of components like sinks, sources, busses, transformers and storages. This 



allows the representation of most elements in an energy system. The application of these frameworks usually 
requires connecting and parameterizing these components to create the mathematical expression of the 
overall optimization model. Nevertheless, the structure of only a few abstract components in energy system 
optimization frameworks has its limitations. When it comes to characterizing flexibilities in the building 
operation, simple sinks with fixed demand time series are no longer sufficient. Therefore, [21] and [22] 
introduce a demand model in the optimization framework oemof [23], capable of providing upper and lower 
capacities for demand responses. Kotzur [24] includes a 5R1C building model in their frameworks that was 
introduced by [25]. Both use the indoor room temperature as a variable in their models and optimize the 
temperature inside certain boundaries. It allows a flexible operation of the heating system while integrating one 
capacity for the whole building. However, as shown in Bacher et al. [26], low order RC models are not always 
sufficient to represent the thermal dynamics of the buildings. Hence, these methods usually do not take into 
account the limitations in the power shift, which is caused by the inertia of the heat transfer mechanisms and 
the time required for the heat to reach the deeper parts of the buildings. This highlights the need for a procedure 
to estimate these limits and quantify the storage properties of the buildings. Therefore, detailed building models 
and simulations are necessary to quantify the heat transfer from the room into different layers of the building.  

1.5. Quantifying thermal demand flexibilities for a selection of representative 
buildings 

The aim of this paper is to quantify and analyze the thermal demand flexibilities of a selection of representative 
buildings in Germany, with a focus on utilizing the models in the diverse planning processes of district energy 
systems. Therefore, a procedure is presented to model thermal flexibilities in buildings for energy system 
optimization frameworks, using the building database TABULA/episcope [27] and the building simulation 
standard EN ISO 52016 [17]. The potential of utilizing the flexibility of the building selection is analysed in an 
existing energy system optimization framework and established flexibility indicators are calculated. By not 
being oversimplified and yet easy to apply, the method presented in this paper can assist planners of district 
energy systems to quantify the demand response potentials, identify optimal design and operation strategies 
or integrate new renewable energy sources more efficiently. This enables the evaluation of thermal flexibilities 
for diverse applications in the planning of district energy systems.  

2. Method 
In this section, a procedure is presented to quantify the thermal flexibility of a selection of buildings from the 
German building stock. First, the chosen buildings analysed in this work are presented. Then, the building 
simulation model is introduced, that is used to analyse the dynamic heat transfer mechanism for each building. 
Afterwards, a procedure to determine the thermal storage characteristics of the buildings is presented and the 
building model for the energy system optimization is displayed. Last, the chosen energy system optimization 
framework and the modelling approaches to quantify the thermal demand flexibilities of the buildings are 
presented. 

2.1. Building selection  

The analysis of heating demand flexibilities in domestic buildings is carried out for a selection of building types 
in Germany. The building information are based on data from the European building database 
TABULA/episcope [27]. A single-family house (SFH) built between 1958 and 1968 is chosen as a reference. 
This type of building accounts for the largest share of all residential buildings in Germany, at around eight 
percent [28]. In addition, two further SFH are chosen, built before and after the reference building age class. 
All buildings have a net floor area of 160 m² and are investigated in three states of insulation. The data for 
geometries, heat transfer coefficients, heat losses and internal heat gains can be found in [27]. Internal solar 
gains are determined in hourly time steps depending on all transparent surfaces and their tilts and azimuths, 
using test reference year weather data from the German meteorological service (DWD) for a representative 
year between 2031 and 2060 [29].  

2.2. Building model 

To analyse the dynamic characteristics of the buildings and calculate their heating demands, the buildings are 
modelled and simulated according to DIN EN ISO 52016 [17]. The procedure can be used for residential and 
non-residential buildings and allows hourly calculations of heating and cooling demands and indoor 
temperatures. The calculation methods include internal solar gains, ventilation, infiltration and internal heat 
gains. Each building can be modelled using several zones and opaque and transparent building elements. All 
opaque building elements are modelled in five nodes, representing the different layers of the components. All 
layers are set with a heat capacities and heat transfer coefficients depending on the structures of the elements. 
For the zone and for each node, an energy balance is set up, taking into account the heat transfer mechanisms 
of conduction, convection and radiation as well as heat storage properties. Effective heat capacities of all 
building components are assigned according to [17] for average construction types. For simplification, it is 
assumed that all buildings consist of one heated zone, four walls, two roofs and six window areas, with varying 
orientations, as well as one floor and one door. Given a certain input, the zone temperature and all node 



temperatures can be simulated. To calculate the heating demand required to maintain the set point of the 
indoor temperature, the energy balance of the zone can be solved for the heating and cooling demand 

�̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡). This modelling approach takes into account the inertia of the heat transfer mechanisms in the 

different layers of the building elements and is used quantify the heat demand flexibility in the buildings. It 
further allows to simulate ideal heating and cooling demands for fixed zone temperature setpoints.  

2.3. Modelling building and it’s flexibility in an energy system optimization 
framework 

Due to diverse building types, building structures and refurbishment conditions, different buildings show 
varying dynamic characteristics in the heat transfer and the charging of their thermal masses. To quantify all 
flexibility potentials using the common indicators presented in 1, the demand response events need to be 
specified. An optimal demand response depends on several factors, including the availability of renewable 
energy sources, electricity price signals and building parameters such as insulation properties, heat capacities 
and current temperatures. All these variables influence the quantification of the flexibility indicators. Therefore, 
the buildings characteristics are integrated in a MILP energy system optimization that allows optimizing the 
utilization of the buildings flexibility in different applications. To model the heating demand as well as the 
thermal flexibilities of a building in an energy system optimization framework, a combination of a generic sink 
and a generic storage is selected. The chosen interconnection is shown in Figure 1. The sink is assigned with 

a demand time series �̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡), resulting from a building simulation based on [17] and taking into account 

detailed heat transfer mechanisms. The storage component is set to represents the deviation to the normal 
operation of the building and characterizes the additional heat storage properties and losses. It is therefore 

referred to as an additional virtual storage (𝑣𝑠). The additional heat losses of the building ∆�̇�𝑎𝑑𝑑_𝑙𝑜𝑠𝑠
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡) and the 

losses of the virtual storage �̇�𝑙𝑜𝑠𝑠
𝑣𝑠 (𝑡) correspond to the difference between the heating demand at an increased 

zone temperature �̇�𝑖𝑛,𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡) and the heating demand at a normal operation �̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡):  

∆�̇�𝑎𝑑𝑑_𝑙𝑜𝑠𝑠
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔(𝑡) = �̇�𝑙𝑜𝑠𝑠

𝑣𝑠 (𝑡) =  �̇�𝑖𝑛,𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 (𝑡) − �̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓

𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 (𝑡). (5) 

The virtual storage component is further defined by a loss rate 𝑟𝑙𝑜𝑠𝑠
𝑣𝑠 , a nominal storage capacity 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙

𝑣𝑠  and 

a limit in the inflow and outflow power �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠  and �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 . The loss rate 𝑟𝑙𝑜𝑠𝑠
𝑣𝑠  is the fraction of lost energy 

per time. The heat losses of the virtual storage �̇�𝑙𝑜𝑠𝑠
𝑣𝑠 (𝑡) can therefore be described as the product of the loss 

rate and the current energy content of the storage 𝐸𝑣𝑠(𝑡):  

�̇�𝑙𝑜𝑠𝑠
𝑣𝑠 (𝑡) =  𝑟𝑙𝑜𝑠𝑠

𝑣𝑠 · 𝐸𝑣𝑠(𝑡). (6) 

Since both, the additional heat losses �̇�𝑙𝑜𝑠𝑠
𝑣𝑠 (𝑡) and the storage level 𝐸𝑣𝑠(𝑡), show an almost linear dependency 

on the temperature increase of the zone ∆𝑇𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑
𝑍𝑜𝑛𝑒 , the loss rate is assumed to be constant. It can be 

determined from the ratio between the maximum additional heat loss of the building with a zone temperature 

of 22 °C (�̇�𝑙𝑜𝑠𝑠,22°𝐶
𝑣𝑠 ) and the storage capacity 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙

𝑣𝑠 : 

𝑟𝑙𝑜𝑠𝑠
𝑣𝑠 =

�̇�𝑙𝑜𝑠𝑠
𝑣𝑠 (𝑡)

𝐸𝑣𝑠(𝑡)
=

�̇�𝑙𝑜𝑠𝑠,22°𝐶
𝑣𝑠

𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠 . (7) 

The storage capacity is set to correspond to the amount of heat that can be stored inside the building and 
utilized at later times. It is therefore defined as the total heat demand decrease during the discharging event 
after the system is fully charged and the zone temperature is at its upper limit:  

𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠 = ∫ (�̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓

𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 (𝑡) − �̇�𝑖𝑛,𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒𝑑
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡))
𝐼𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑑

𝐼𝑐ℎ𝑎𝑟𝑔𝑒𝑑

𝑑𝑡. (8) 

While the heat flow �̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 (𝑡) corresponds to heat demand that is necessary to keep the zone temperature 

at its lower limit in a static environment, �̇�𝑖𝑛,𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒𝑑
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

(𝑡) describes the heat demand that is necessary after the 

system is fully charged and has reached an equilibrium with a zone temperature at the upper limit. However, 
not only the storage capacity of buildings varies significantly with the year of construction and the level of 
insulation, but also the maximum heat flow that can additionally be emitted into the building during the charging 

process �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠  and the maximum heating power that can be used again at the discharging process 

�̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠  differ depending on the building. During the charging process, a high inflow rate can only be 

maintained for a short period of time, otherwise the energy cannot be transported into the deeper parts of the 
building and the zone temperature will exceed its limit. Therefore, a maximum heat input rate needs to be set 
for the internal storage component as well as a maximum heat output rate. 



 

Figure 1. Approach to model the Buildings Demand and Flexibility Characteristics in the Energy System 
Optimization Framework. 

2.4. Quantification of thermal storage characteristics 

For the quantification of the storage characteristics of the buildings, building simulations are performed, in 
which the buildings are exposed to a lift in the indoor temperature setpoint. In this simulation, the ideal heat 
demand, required to maintain the zone temperature, is determined. Internal solar gains and internal heat gains 
are neglected in the static test environment, as for the quantification of the additional storage properties it is 
assumed that their influence on all zone temperature setpoints is equally effective. After an initialization period, 
to balance all heat transfer mechanisms, the zone temperature setpoint is lifted by a defined maximum 
temperature lift of 2 K from 20 °C to 22 °C. For another period, the required heat demand is calculated that 
keeps the zone temperature at the exact defined setpoint. The resulting demand profile defines the maximum 
heat input that can be emitted into the zone during an active demand response event, without exceeding the 
indoor temperature limit. Once the system is balanced again, the zone temperature setpoint is reset to 20°C 
and the reduced heat demand is calculated.  

To parameterize the linear storage models of the buildings for the energy system optimization model, the 
additional storage capacity and the limits on the heating power must be set to constant values. Therefore, 
seven sets of storage parameters are determined from the simulation. Each set consists of the nominal storage 

capacity 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠 , the maximum charging heating power �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥

𝑣𝑠 , the maximum discharging heating 

power �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥
𝑣𝑠  and the heat loss rate. The sets are selected by varying the relation between the nominal 

storage capacity and the maximum charging heating power. The resulting relation describes the power shift 
capability 𝑡𝛿, the duration in which the buildings can either be heated with the additional maximum charging 

power �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥
𝑣𝑠  or the heat stored inside the building can be utilized again with the maximum discharging 

power �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥
𝑣𝑠 , without exceeding the indoor temperature limits. In a linear building model, high power 

shift capabilities 𝑡𝛿  result in longer charging durations with lower maximum heating powers �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥
𝑣𝑠 , 

whereas low power shift capabilities result in the opposite.  

If the power shift capability is fixed and the nominal storage capacity in this work is defined as the usable 
energy stored inside a building, the capacity can be determined by the product of the maximum discharging 

heating power �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥
𝑣𝑠  and the power shift capability 𝑡𝛿: 

𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠 = �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥

𝑣𝑠 · 𝑡𝛿 . (9) 

For each set of parameters, a separate storage model is set up and used in the energy system optimization. 
This results in seven different flexible building models that are investigated in the following, representing 
different characteristics and utilization possibilities of the buildings. The best modelling approaches depend on 
the exact building type, its insulation, its storage properties and the exact application and are therefore 
analysed in an energy system optimization model. 

2.5. Energy system optimization model 

To determine optimal flexibility possibilities, the building characteristics, corresponding to the heating demands 
and the storage potentials, are integrated in the energy system optimization framework oemof [23]. The 

objective function is composed of the discounted investment costs of the heat generation plants 𝑐𝑖𝑛𝑣
ℎ𝑔

 and the 

electrical energy purchases as shown in equations (10). The main additional constraints are stated in equations 
(11) - (13). An air source heat pump is selected as the heat generator using a variable coefficient of 

performance 𝐶𝑂𝑃ℎ𝑝(𝑡) depending on the outdoor temperature. The coefficient of performance is calculated 
using the correlations from [30]. The 2020 Day Ahead market prices are used as variable costs for electricity 



𝑐𝑒𝑙(𝑡). Further constant electricity levies, taxes and duties are neglected. The model optimizes the utilization 

of the buildings �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔/𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠 (𝑡), the operation of the heat pump �̇�𝑜𝑢𝑡

ℎ𝑝
(𝑡) and the nominal heating power 

of the heat pump �̇�𝑛𝑜𝑚
ℎ𝑝

 to minimize the costs for electricity 𝐶𝑒𝑙 and the investment costs for the heat pump 𝐶𝑖𝑛𝑣
ℎ𝑝

: 

minimize
�̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 ,�̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠 ,�̇�𝑜𝑢𝑡

ℎ𝑝
,�̇�𝑛𝑜𝑚

ℎ𝑝
 𝐶𝑡𝑜𝑡𝑎𝑙 = 𝐶𝑒𝑙 + 𝐶𝑖𝑛𝑣

ℎ𝑝
= ∑ 𝑐𝑒𝑙(𝑡) ·

�̇�𝑜𝑢𝑡
ℎ𝑝 (𝑡)

𝐶𝑂𝑃ℎ𝑝(𝑡)
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𝑡=0

+  𝑐𝑖𝑛𝑣
ℎ𝑝

· �̇�𝑛𝑜𝑚
ℎ𝑝

 (10) 

𝑠. 𝑡. �̇�𝑜𝑢𝑡
ℎ𝑝 (𝑡) = �̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓

𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 (𝑡) − �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠 (𝑡) + �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 (𝑡) (11) 

 𝐸𝑣𝑠(𝑡) =  𝐸𝑣𝑠(𝑡 − 1) · (1 − 𝑟𝑙𝑜𝑠𝑠
𝑣𝑠 (𝑡)) − �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 (𝑡) + �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠 (𝑡) (12) 

 �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠 (𝑡) ≥ 0 and �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 (𝑡) ≥ 0 and �̇�𝑜𝑢𝑡
ℎ𝑝 (𝑡) ≥ 0 and �̇�𝑛𝑜𝑚

ℎ𝑝
≥ 0. (13) 

 

  

The optimization is performed over a period of one year with time steps of one hour. First, for each building 
type and each state of refurbishment, a single optimization is performed to dimension the heat pump. Then, 
for each building the operation is optimized without including the investment costs for the heat generator. The 
results are used to calculate the annual costs reductions for electricity, when the flexibility is utilized, compared 
to the electricity costs of the same building without a flexible operation. Furthermore, an efficiency for the 
utilization of the virtual storage 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙

𝑣𝑠  is calculated that is based on equation (2). It is defined by the ratio 

between the total usable heat �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠  and the heat that is additionally induced into the building �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 : 

𝜂𝑒 =  
∫ �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔

𝑣𝑠 (𝑡)𝑑𝑡
8760

0

∫ �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
𝑣𝑠 (𝑡)𝑑𝑡

8760

0

. (14) 

3. Results 
In this section, the results of the individual building simulations and optimizations are introduced and the 
resulting flexibility indicators are presented. First, the building heating demands are presented under normal 
conditions without the utilization of their flexibilities. Afterwards, the results of the storage quantification 
procedure are displayed. Then, for all selected buildings and all storage model approaches the resulting 
nominal storage capacities, the maximum charging and discharging powers and the power shift capabilities 
are summarized. Finally, the flexibility efficiencies and the annual electricity cost savings are presented for all 
individual buildings. 

3.1. Building heating demands 

Figure 2 shows the heating demand time series �̇�𝑑𝑒𝑚𝑎𝑛𝑑,𝑟𝑒𝑓
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 (𝑡) for the reference building in three different states 

of refurbishment under standard conditions and for a fixed indoor zone temperature. The influence of the 
insulation is shown in the reduction of the total heat demand as well as the reduced peaks.  

 

Figure 2. Heating demand time series for the reference single-family house built between 1958 and 1968 in 
three states of refurbishment, using weather data friom a test reference year from [29]. 

3.2. Quantification of individual building storage characteristics 

Table 1 presents the results of the building simulations in the test environment. With a constant zone 

temperature of 20° C, each building balances at an individual constant heat demand �̇�𝑐𝑜𝑛𝑠𝑡,20°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

. When the zone 

temperature setpoint is raised from 20 °C to 22 °C, all buildings show an increase in the heat demand, that is 

required to meet the increased zone temperature setpoint. After reaching a maximum value of �̇�𝑐ℎ𝑎𝑟𝑔𝑒,𝑚𝑎𝑥
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 

instantly after the raise of the setpoint temperature, the demand decreases and diverges to a constant value 

at a zone temperature of 22 °C �̇�𝑐𝑜𝑛𝑠𝑡,22°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

> �̇�𝑐𝑜𝑛𝑠𝑡,20°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

. The profile describes the ideal heat input, that would 

keep the zone temperature at the upper value of 22 °C. The difference between the upper and lower constant 



heat demand ∆�̇�22°𝐶−20°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 describes the additional heat losses of the building, due to the increased zone 

temperature. The difference in the heating demand ∆�̇�22°𝐶−20°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 is nearly constant and almost independent of 

the ambient temperature, since it only describes the additional losses compared to the heating demand under 
normal conditions. When the building is in balance again, the zone temperature setpoint is set back to 20 °C 
and the heat demand decreases in analogy to the lift of the zone temperature setpoint.  

Table 1. Overview of the heating power demands in the static test environment of the selected single-family 
buildings with a net floor area of 160 m² and in dependence of the additional storage model approach. 

Building description Heating power demands / kW 

Building 
Type 

Age 
class 

State of 
refurbishment 

�̇�𝑐𝑜𝑛𝑠𝑡,20°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 �̇�𝑐𝑜𝑛𝑠𝑡,22°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 ∆�̇�22°𝐶−20°𝐶
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 �̇�𝑐ℎ𝑎𝑟𝑔𝑒,𝑚𝑎𝑥
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒,𝑚𝑎𝑥
𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔

 

SFH 

1919-
1948 

Existing state 22.41 24.71 2.30 29.84 17.20 
Standard 7.45 8.32 0.87 14.58 0.0 
Ambitious 4.07 4.61 0.54 10.99 0.0 

1958-
1968 

Existing state 15.81 17.48 1.67 23.08 10.20 
Standard 6.98 7.81 0.83 14.04 0.0 
Ambitious 3.85 4.38 0.53 10.74 0.0 

2010-
2015 

Existing state 5.58 6.27 0.69 12.53 0.0 
Standard 4.93 5.57 0.64 11.88 0.0 
Ambitious 3.21 3.68 0.47 10.04 0.0 

 
3.3. Quantification of capacities, maximum charging and discharging powers and 

power shift capabilities 

The results are used to determine the storage nominal capacity 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠 , the loss rate 𝑟𝑙𝑜𝑠𝑠

𝑣𝑠  and the maximum 

additional charging and discharging powers �̇�𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥
𝑣𝑠  and �̇�𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔,𝑚𝑎𝑥

𝑣𝑠 . All parameters are calculated 

depending on the power shift capability 𝑡𝛿, as described earlier. The results define the storage properties of 
the flexible building models that can be integrated in the energy system optimization. Table 2 presents the 

nominal virtual storage capacities 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠  for all buildings and the storage model approaches.  

Table 3 shows the corresponding maximum charging and discharging heating powers. Poorly-insulated 
buildings show their highest usable storage capacity at low power shift capabilities. The SFH built between 
1919 and 1948 in an existing state of renovation reaches a nominal storage capacity of 6.58 kWh and a 
maximum charging power of about 1.28 kW. On the other hand, well-insulated buildings can utilize more 
capacity when they are charged over a longer period. The building built between 2010 and 2015 with ambitious 
refurbishments shows the maximum usable storage capacity at a power shift capability of 8 hours and a 
maximum charging power of 0.91 kW. Each building shows an increase in the utilizable capacity when the 
state of renovations increases. In the same time, the loss rate decreases due the better insulation of the 
building envelope.  

3.4. Energy system optimization results 

The potential of utilizing the heating flexibility is analysed in the energy system optimization model for all 
building types, using the different sets of parameters for the additional storage component. Figure 3 shows the 
difference between the optimized heat input and the heat demand without utilizing the flexibility potentials of a 
single-family house built between 1958 and 1968 in a standard state of renovation. While the green areas 
correspond to the amount of heat that is additionally emitted into the building compared to the normal operation, 
the blue areas illustrate the optimized decrease of the heat input. The storage component is parameterized 
with a nominal storage capacity of 8.78 kWh, a maximum charging power of 2.13 kW, a maximum discharging 
power of 2.22 kW, and a power shift capability of 4 hours. The optimized heat input is the result of the energy 
system optimization, which minimizes electricity import costs and leads to fluctuations in the actual zone 
temperature. It is shown, that the optimized heat input deviates from the original demand during a typical week 
in the heating period. To validate the modelling approach and the optimized building operation, the optimized 
heat input is integrated into the building simulation model according to the DIN EN ISO 52016. The resulting 
zone temperatures from the building simulation are also shown in Figure 3. The temperatures vary between 
19.7 °C and 21.75 °C. Figure 4 shows the optimized heat input and the resulting indoor temperature profile in 
the same week for the same building but without any renovation measures. The amount of energy that can be 
stored inside the buildings is less, due to higher losses through the building envelope. Still, a few hours during 
the week can be used to take advantage of a low electricity prices. The indoor room temperatures vary between 
19.9 °C and 21.4 °C during the week. The optimal energy storage duration is also less due to the higher loss 
rate. On the other hand, a single-family house built between 2010 and 2015 in an ambitious state of 
refurbishment shows a higher potential for electricity cost savings as shown in Figure 5. 



Table 2. Overview of the resulting nominal storage capacities of the selected single-family buildings with a 
net floor area of 160 m² and in dependence of the power shift capability of the additional storage model. 

2 h 3 h 4 h 5 h 6 h 8 h 12 h

Existing state 5.54 6.38 6.58 6.41 6.05 5.14 3.59

Standard 7.01 8.3 8.78 8.75 8.42 7.32 4.98

Ambitious 4.97 7.45 9.93 12.41 11.65 9.99 6.55

Existing state 6.04 7.05 7.36 7.25 6.92 6.01 4.37

Standard 7.09 8.39 8.87 8.84 8.5 7.39 5.02

Ambitious 4.55 6.83 9.11 11.39 13.66 10.7 6.97

Existing state 6.64 9.96 9.48 9.43 9.04 7.81 5.24

Standard 5.88 8.82 10.46 10.39 9.95 8.59 5.74

Ambitious 3.62 5.43 7.25 9.06 10.87 14.45 9.22

Nominal storage capacity 

2010-

2015

SFH
1958-

1968

1919-

1948

Building description

Building 

Type

Age 

class

State of 

refurbishment

Power shift capability 𝑡𝛿

 𝐶𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑣𝑠 / kWh

 

Table 3. Overview of the resulting maximum additional charging/discharging heat flows of the selected 
single-family buildings with a net floor area of 160 m² and in dependence of the power shift capability of the 

additional storage model. 

2 h 3 h 4 h 5 h 6 h 8 h 12 h
2.77 2.13 1.64 1.28 1.01 0.64 0.3
2.77 2.13 1.64 1.28 1.01 0.64 0.3
3.43 2.71 2.15 1.72 1.38 0.9 0.41
3.51 2.77 2.2 1.75 1.4 0.92 0.41
3.47 2.75 2.19 1.75 1.41 0.92 0.47
2.48 2.48 2.48 2.48 1.94 1.25 0.55
3.02 2.35 1.84 1.45 1.15 0.75 0.36
3.02 2.35 1.84 1.45 1.15 0.75 0.36
3.4 2.68 2.13 1.7 1.37 0.89 0.41
3.55 2.8 2.22 1.77 1.42 0.92 0.42
3.45 2.74 2.18 1.74 1.4 0.92 0.41
2.28 2.28 2.28 2.28 2.28 1.34 0.58
3.39 2.68 2.13 1.7 1.36 0.89 0.4
3.32 3.32 2.37 1.86 1.51 0.98 0.44
3.42 2.71 2.15 1.72 1.38 0.9 0.41
2.94 2.94 2.51 2.1 1.66 1.07 0.48
3.44 2.72 2.17 1.74 1.39 0.91 0.42
1.81 1.81 1.81 1.81 1.81 1.81 0.77

Building description

Building 

Type

Age 

class

State of 

refurbishment

Power shift capability 

Additional max charging/discharging power

Ambitious

Standard

SFH

1919-

1948

Existing state

2010-

2015

Ambitious

Existing state

Standard

Ambitious

1958-

1968

Existing state

Standard

𝑡𝛿

�̇�𝑐ℎ𝑎𝑟𝑔𝑒/𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒,𝑚𝑎𝑥
𝑣𝑠 /kW

 
 

 

Figure 3. Optimized building heat input and resulting zone temperature in comparison with the heating demand 
at a constant zone temperature of 20 °C of a single-family household built between 1958 and 1968 in a 
standard state of renovation. The storage component of the building model is parameterized with a charging 
duration of 4 hours at full charging power.  

 



 

Figure 4. Optimized building heat input and resulting zone temperatures in comparison with the heating 
demand at a constant zone temperature of 20 °C of a single-family household built between 1958 and 1968 in 
the original state of renovation. The storage component of the building model is parameterized with a charging 
duration of 4 hours at full charging power. 

 

Figure 5. Optimized building heat input and resulting zone temperatures in comparison with the heating 
demand at a constant zone temperature of 20 °C of a single-family household built between 2010 and 2015 in 
an ambitious state of renovation. The storage component of the building model is parameterized with a 
charging duration of 8 hours at full charging power. 

3.5. Flexibility quantification of individual buildings 

The utilization of the flexibility potentials in the operation of the investigated buildings varies significantly with 
the building age class and the state of refurbishment. To quantify the flexibility potentials, the flexibility 
efficiencies and the annual electricity cost savings are calculated for all demand response events during the 
year. The results are presented in Table 4 and Table 5. The highest annual electricity cost savings of 131.45 € 
can be reached by the well-insulated building constructed between 2010 and 2015 in its original state, which 
corresponds to about 12.5% of its original annual electricity costs without utilizing the thermal flexibility. In 
general, most fairly well-insulated buildings show relatively high saving potentials. It is noteworthy, that the 
very well insulated buildings have less total electricity cost savings than the worse insulated buildings of the 
same class, due to the decrease in the total energy demand. The relative annual savings, compared to the 
costs for electricity without utilizing the thermal flexibility, increase with better insulation for all buildings. The 
highest utilization efficiencies of the virtual storage are reached by the buildings built between 1919 and 1948 
and the building built between 1958 and 1968, both in an ambitious state of refurbishment. In the chosen 
environment, most buildings show the best efficiency with a power shift capability of 4 hours. Nevertheless, 
buildings with well-insulated envelopes show an optimal modelling approach using a power shift capability of 
6 or 8 hours. Therefore, poorly-insulated buildings with high heat loss rates show higher potentials for short-
term energy storage use while well-insulated buildings display higher potentials for longer energy storage 
durations. 



Table 4. Overview of the annual electricity cost savings from the energy system optimization of a SFH with a 
net floor area of 160 m² and in dependence of the power shift capability of the additional storage model. 

0.30%
15.52 €

0.80%
45.98 €

17.80%
103.83 €

6.30%
98.21 €
0.70%
36.37 €

18.20%
106.35 €

0.50%
27.36 €

0.90%
49.94 €

13.20%
58.60 €

12.50%
131.45 €

7.50%
116.30 €
1.00%
52.50 €

8.90%
22.38 €
2.10%
25.57 €
2.90%
38.71 €
8.70%

9.67 €
0.30%
19.34 €
1.40%
30.85 €
5.30%

82.23 €
18.50%

Building description

State of 

refurbishment

5.97 €
0.01%
18.41 €
1.20%
29.02 €
4.40%

72.14 €
16.30%

80.89 €
18.20%

84.23 €
19.10%

12.80%
99.46 €
11.10%

67.23 €
7.50%

Ambitious
40.39 €
9.10%

60.69 €
5.80%

Standard
79.94 €
8.90%

113.40 €
12.70%

123.87 €
13.90%

114.50 €

119.76 €
11.40%

108.28 €
10.30%

92.30 €
8.80%

93.78 €

2010-

2015

Existing state

75.41 €
12.90%

Ambitious
54.54 €
9.30%

78.27 €
13.40%

94.50 €
16.20%

83.25 €
6.10%

53.52 €
3.90%

Standard
102.38 €
7.50%

116.35 €
8.60%

112.46 €
8.30%

56.70 €
1.60%

44.97 €
1.20%

26.08 €
0.70%

73.17 €
11.00%

1958-

1968

Existing state
67.41 €
1.80%

74.66 €
2.00%

68.28 €
1.90%

105.41 €
15.90%

114.65 €
17.30%

102.37 €
15.50%

99.45 €
7.30%

81.68 €
5.30%

52.14 €
3.40%

Ambitious
61.33 €
9.20%

87.75 €
13.20%

6.60%
102.35 €

7.20%
111.75 €

SFH

1919-

1948

Existing state

Standard

Annual electricity cost savings

Building 
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Table 5. Overview of the demand response efficiencies from the energy system optimization of a SFH with a 
net floor area of 160 m² and in dependence of the power shift capability of the additional storage model. 

2 h 3 h 4 h 5 h 6 h 8 h 12 h

Existing state 0.4931 0.486 0.4481 0.4128 0.391 0.32 0.1925

Standard 0.7592 0.7631 0.753 0.7395 0.7124 0.6738 0.5706

Ambitious 0.7268 0.7628 0.7758 0.7861 0.7806 0.7609 0.6927

Existing state 0.6382 0.6255 0.6034 0.5738 0.5384 0.4906 0.3788

Standard 0.7644 0.7709 0.7644 0.751 0.7329 0.69 0.5896

Ambitious 0.7177 0.752 0.7658 0.777 0.7837 0.7642 0.7077

Existing state 0.7607 0.7885 0.7815 0.7737 0.7622 0.7264 0.6372

Standard 0.7491 0.7782 0.7879 0.7834 0.7762 0.7453 0.6711

Ambitious 0.6942 0.7282 0.7458 0.7549 0.763 0.7729 0.7513

SFH

1919-

1948

1958-

1968

2010-

2015

Utilization efficiency of virtual storageBuilding description

Building 

Type

Age 
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4. Discussion 
In the present work, a modelling approach considering the thermal flexibility of buildings is presented and the 
flexibility potentials of a selection of representative buildings is quantified. It is shown that the presented 
building model can be integrated in an energy system optimization framework, in order to help utilizing the 
flexibility potentials of the individual buildings as well as a building group, district or district heating network. 
The building model approach used to simulate the buildings takes into account the heat transfer and storage 
characteristics using five nodes for each opaque building element. However, this approach is still a 
simplification and the real heat transfer mechanisms may differ from the results in this work. The linear 
representation of the buildings storage characteristics in the energy system optimisation only accounts for 
parts of the real flexibility potential and a non-linear representation could lead to better performances of the 
buildings. In addition, more detailed analyses to quantify the storage parameters are necessary and broader 
test environments must be implemented to improve the robustness of the models. Nevertheless, the 
representation of a building using a generic sink and a generic storage component allows the integration in 
most optimization frameworks and the application in diverse planning processes of different stakeholders, 
while still allowing to take into account more detailed heating demand analyses. The approach is validated by 
integrating the optimized heat input in the building simulation model and testing the resulting room temperature 
to ensure that the specified limits are not exceeded. It is shown that utilizing thermal flexibilities can lead to 
annual cost reductions in the energy import of up to 130 € for a single-family house built between 2010 and 
2015 with a net floor area of 160 m². For the application of the building models and the quantification of their 



flexibility in a district energy system or district heating systems, the best performing flexible building models 
can be chosen and integrated in an optimization model. The best storage model approaches for optimizing the 
buildings operation depend on the building type and the state of refurbishment. While well-insulated buildings 
indicate a more economically efficient utilization with longer storage durations and lower charging and 
discharging heating powers, poorly and moderately insulated buildings show higher potentials in the short-
term utilization of their flexibility. Therefore, different building types should also be utilized accordingly. A 
modern district with 100 buildings built between 2010 and 2015 in a standard state of refurbishment could lead 
to annual electricity cost reductions of up to 12 300 € if the flexibility potential is utilized. The available storage 
capacity for this district is up to 1 046 kWh and the possible power shift is 215 kW for the charging event and 
251 kW for the discharging event. The annual electricity cost reductions linked to the renovation from the 
original state to the standard state of renovation without the exploitation of the flexibility are 15 552 €, without 
including taxes and other fees in the calculation. An exemplary district with 100 SFH, equally distributed in 
both non-refurbished and standard refurbished condition, can achieve annual electricity cost savings of up 
9 550 €, when the flexibility is utilized and provide 772 kWh of virtual storage capacity and 250 kW or 224 kW 
of power shift during the charging or discharging event. If additional renewable energy from own generation 
plants, such as photovoltaic systems, can be integrated into the energy system, the savings from exploiting 
flexibility can be further improved. Investigating the impact of these systems will be part of future studies.  

In addition to the findings off the present work, the consideration of thermal flexibilities in the energy system 
design optimization could lead to savings in the investment costs and identifying efficient and cost-effective 
operation strategies. The optimization of the energy system can take into account the availability of waste heat, 
the fluctuating efficiency of heat generation units and the conditions of available heat sources. Utilizing the 
thermal flexibility of buildings can therefore benefit the integration of local renewable energy sources like wind 
energy, solar power or waste heat, especially when exploited on a district level. However, since individual 
households do not have excess to the day-ahead electricity market, the buildings flexibility is most likely to be 
utilized on a district level or a district heating network. Therefore, new pricing-models for heat must be 
developed. Yet, in district energy systems and district heating networks, the drawback often lies in the metering 
devices or the operational control of the buildings. Hence, multi-family buildings might be more likely to be 
considered to provide flexibility, and therefore the quantification of flexibility should be extended to more 
building types.  

5. Conclusion 
The transformation of the heating sector in buildings will face the challenge of integrating fluctuating renewable 
energy sources to become sustainable. To adjust the heating demand to the volatile generation of renewable 
energies, it is necessary to use comprehensive methods and tools to quantify the flexibility of the buildings and 
to incorporate this potential into the diverse planning processes of integrated energy systems, particularly on 
a district level and for district heating networks. By characterizing the heat transfer dynamics of a selection of 
buildings with a simulation based on the DIN EN ISO 52016, a generic approach is used to model the building 
demands and flexibility properties in an energy system optimization framework. By following this procedure, 
building flexibility indicators can be quantified and appropriate utilization strategies can be identified for 
individual buildings, building groups, or districts in a variety of applications. Based on a variable day-ahead 
electricity price and a realistic heat pump coefficient of performance, it is shown how the flexibility of single-
family houses can be exploited to reduce energy costs. Depending on the building type and the state of 
insulation, there are different opportunities for exploitation. When only linear modelling approaches are used, 
well-insulated buildings tend to be more cost-effective by gradually increasing the heating input and storing 
the energy for a longer period, while poorly insulated buildings tend to perform better with shorter storage 
durations and higher charging powers. Still, all investigated buildings show the possibility of cost reductions 
when utilized and can play an important role in an integrated energy system. Future research should expand 
the flexibility analysis to include a wider variety of building types and groups. Multi-family buildings, larger 
apartment blocks, and commercial buildings, in particular, may exhibit different energy flexibility potential and 
could also play distinct roles in integrating renewable energy into the energy system. Furthermore, energy 
storage capabilities of district heating networks could be assessed in a similar way and help finding operation 
strategies or identify optimal supply and return line temperature profiles. In addition to the building analysis, 
deeper understanding of the flexibility in the operation of the heat generation units and heating emitter systems 
is necessary. Utilizing flexibilities promises to play an important role in an integrated energy system, especially 
when exploited on a district level. Until now, the heat generation of large-scale heat pumps in district energy 
systems mostly covers the base load operation. Nevertheless, the flexible operation of heat generation plants 
is crucial to leverage variable electricity prices and cope with fluctuating renewable energy sources.  

References 
[1] Europäische Kommission. The European Green Deal. 
[2] Arbeitsgemeinschaft Energiebilanzen e.V. Anwendungsbilanzen zur Energiebilanz Deutschland: 

Endenergieverbrauch nach Energieträgern und Anwendungszwecken; AGEB Anwendungsbilanzen: 
Arbeitsgemeinschaft Energiebilanzen e.V.; 2019. 



[3] Umweltbundesamt: Umwelt Bundesamt. Energieverbrauch für fossile und erneuerbare Wärme. Available 
at: <https://www.umweltbundesamt.de/daten/energie/energieverbrauch-fuer-fossile-erneuerbare-
waerme#warmeverbrauch-und-erzeugung-nach-sektoren> [accessed 01.04.2021] 

[4] Bundesministerium für Wirtschaft und Energie. Energiedaten: Gesamtausgabe. Berlin; 2021. 
[5] Sensfuß F, Lux B, Bernath C, et al. Langfristszenarien für die Transformation des Energiesystems in 

Deutschland 3. Kurzbericht: 3 Hauptszenarien. Karlsruhe: Fraunhofer ISI, Karlsruhe; 2021. 
[6] Jensen SØ, Marszal-Pomianowska A, Lollini R, et al. IEA EBC Annex 67 Energy Flexible Buildings. 

Energy and Buildings 2017; 155: 25–34. 
[7] Junker RG, Azar AG, Lopes RA, et al. Characterizing the energy flexibility of buildings and districts. 

Applied Energy 2018; 225: 175–82. 
[8] Guelpa E, Verda V. Demand response and other demand side management techniques for district 

heating: A review. Energy 2021; 219: 119440. 
[9] Kathirgamanathan A, Péan T, Zhang K, et al. Towards standardising market-independent indicators for 

quantifying energy flexibility in buildings. Energy and Buildings 2020; 220: 110027. 
[10] Reynders G, Amaral Lopes R, Marszal-Pomianowska A, Aelenei D, Martins J, Saelens D. Energy flexible 

buildings: An evaluation of definitions and quantification methodologies applied to thermal storage. 
Energy and Buildings 2018; 166: 372–90. 

[11] Reynders G, Diriken J, Saelens D. Generic characterization method for energy flexibility: Applied to 
structural thermal storage in residential buildings. Applied Energy 2017; 198: 192–202. 

[12] Kun Zhang, Michaël Kummert, editors. Potential of building thermal mass for energy flexibility in 
residential buildings : a sensitivity analysis; 2018. 

[13] Kathirgamanathan A, Murphy K, Rosa M de, Mangina E, Finn D, editors. Aggregation of Energy 
Flexibility of Commercial Buildings; 2018. 

[14] Péan T, Torres B, Salom J, Ortiz J, editors. Representation of daily profiles of building energy flexibility; 
2018. 

[15] Vandermeulen A, Reynders G, van der Heijde B, et al., editors. Sources of Energy Flexibility in District 
Heating Networks: Building Thermal Inertia Versus Thermal Energy Storage in the Network Pipes; 2018. 

[16] Protopapadaki C, Reynders G, Saelens D. Bottom-up modelling of the Belgian residential building stock: 
impact of building stock descriptions. Proceedings of the 9th International Conference on System 
Simulation in Buildings - SSB2014; 2014. 

[17] Deutsches Institut für Normung e.V. DIN EN ISO 52016-1 Energetische Bewertung von Gebaeuden – 
Energiebedarf für Heizung und Kühlung, Innentemperaturen sowie fühlbare und latente Heizlasten – Teil 
1: Berechnungsverfahren (ISO 52016-1:2017); 2018 2018. 

[18] Le Dréau J, Heiselberg P. Energy flexibility of residential buildings using short term heat storage in the 
thermal mass. Energy 2016; 111: 991–1002. 

[19] EnergyPlus Documentation - Input Output Reference; 2022 [accessed 20.12.2022] Available at: 
<https://energyplus.net/assets/nrel_custom/pdfs/pdfs_v22.2.0/InputOutputReference.pdf>. 

[20] Yang X, Pan L, Guan W, Ma H, Zhang C. Heat flexibility evaluation and multi-objective optimized control 
of a low-energy building with district heating. Energy and Buildings 2022; 277: 112523. 

[21] Gils HC. Balancing of intermittent renewable power generation by demand response and thermal energy 
storage 2015. 

[22] Zerrahn A, Schill W-P. On the representation of demand-side management in power system models. 
Energy 2015; 84: 840–5. 

[23] Krien U, Schönfeldt P, Launer J, Hilpert S, Kaldemeyer C, Pleßmann G. oemof.solph—A model 
generator for linear and mixed-integer linear optimisation of energy systems. Software Impacts 2020; 6: 
100028. 

[24] Kotzur L. Future grid load of the residential building sector. Dissertation. 
[25] Schütz T, Schiffer L, Harb H, Fuchs M, Müller D. Optimal design of energy conversion units and 

envelopes for residential building retrofits using a comprehensive MILP model. Applied Energy 2017; 
185: 1–15. 

[26] Bacher P, Madsen H. Identifying suitable models for the heat dynamics of buildings. Energy and 
Buildings 2011; 43(7): 1511–22. 

[27] IWU Institut Wohnen und Umwelt. TABULA Calculation Method: Energy Use for Heating and Domestic 
Hot Water; Reference Calculation and Adaptation to the Typical Level of Measured Consumption; 2013. 

[28] Institut Wohnen und Umwelt. Deutsche Wohngebäudetypologie: Beispielhafte Maßnahmen zur 
Verbesserung der Energieeffizienz von typischen Wohngebäuden; 2. erw. Aufl. Darmstadt: IWU 2015. 

[29] Deutscher Wetterdienst (DWD), Bundesamt für Bauwesen und Raumordnung (BBR). Ortsgenaue 
Testreferenzjahre von Deutschland für mittlere, extreme und zukünftige Witterungsverhältnisse; 
Handbuch; 2017. 

[30] Jesper M, Schlosser F, Pag F, Walmsley TG, Schmitt B, Vajen K. Large-scale heat pumps: Uptake and 
performance modelling of market-available devices. Renewable and Sustainable Energy Reviews 2021; 
137: 110646. 



PROCEEDINGS OF ECOS 2023 - THE 36TH INTERNATIONAL CONFERENCE ON 

EFFICIENCY, COST, OPTIMIZATION, SIMULATION AND ENVIRONMENTAL IMPACT OF ENERGY SYSTEMS 

25-30 JUNE, 2023, LAS PALMAS DE GRAN CANARIA, SPAIN 

 

Sensitivity analysis of the Power Demand Uncertainties 
on the electrical power system optimization models 

Sara Fakiha, Mohamed Tahar Mabroukb, Mireille Batton-Hubertc and Bruno 
Lacarrièred 

a IMT Atlantique, Nantes, France, s.fakih995@gmail.com, CA 
b IMT Atlantique, Nantes, France, Mohamed-tahar.mabrouk@imt-atlantique.fr, 

c Ecole des Mines de Saint-Etienne, Saint-Etienne, France, batton@emse.fr 
d IMT Atlantique, Nantes, France, Bruno.lacarriere@imt-atlantique.fr 

Abstract: 
Accurate estimations of future energy consumption are crucial for decision-makers to better plan the future 
design and operation of production and distribution systems. The existence of uncertainties in the inputs of the 
planning process can affect the quality of the model’s outcomes and potentially can lead to sub-optimal 
solutions. This work proposes an investigation of input uncertainties of an Electrical Power System Model 
(EPSM) based on dynamic linear optimal power flow. The considered model inputs are the electricity demand 
curves of the buses of the grid. A set of forecasted demand time series is used to generate a probability model 
of their variability at each time step of the period studied. This probabilistic model is applied to generate the 
uncertainty of the demand curves and the associated input macro indicators (IMI) which are used to define the 
experimental design of the sensitivity analysis. The results show that input uncertainties on the demand have 
significant effects on the results in terms of Levelized Cost of Energy (LCOE) and system design like the 
installed capacity of Wind Turbines (WT), extracted energy from Classic Generators (CGs), and Battery Energy 
Storage (BES) location and sizing. In addition, it is shown that the input demand uncertainties can affect the 
results on the distribution performance parameters like the level of saturation of the different grid branches. 

Keywords: 

Battery energy storage; Demand Uncertainties; Electrical Grid; Renewable energy sources; Sensitivity 
analysis. 

1. Introduction 
Load forecasting models are used to predict future demand behaviors to be used as input for optimal 

planning models. They rely on long-term expectations for the parameters influencing the load profile (e.g., 
temperatures, occupancy, behavior, etc.). Therefore, they are likely to give estimations of low accuracy [1].  
This could affect the accuracy is the model’s output. Thus, there is a need for robust and rigorous techniques 
that can provide quantifiable information about the impact of uncertainty on model outputs. Sensitivity Analysis 
(SA) technics incorporate a set of methods that aim to identify the most important input parameters driving the 
model output variability in addition to the non-influential parameters whose uncertainty can be safely ignored. 

In the literature, sensitivity analysis in energy models considers different uncertain input parameters e.g., 
the intermittent renewable generation, final energy demand, primary energy prices, economic growth, etc. [2]. 
These uncertain parameters are generally associated with randomness and temporal variability [3]. However, 
uncertainty in demand estimation introduces additional complexity alongside energy planning scenarios, 
including Renewable Energy Sources (RES) and Battery Energy Storage (BES) sizing and placement. Under 
such conditions, it is crucial to understand how demand curves uncertainty affects the optimal design and to 
identify the most influential uncertain parameters [4].  

For the SA of demand curves, two different approaches exist. The first one is the total demand uncertainty 
applied to the demand patterns directly measured or extracted from the load forecasting models. To assign 
uncertainty on energy demand profiles, the most commonly used approach is applying Probability Density 
Function PDF to each time step of the demand time series, like normal distribution [5], uniform distribution [6], 
etc. The second one is the model-based uncertainty in which the uncertainty is assigned to the input 
parameters of the load forecasting tool and is propagated to obtain a series of demand patterns. The model-
based uncertainty approach is applied in the literature for different types of demand patterns. In Mavromatidis 
et al. [7], using a building performance simulation tool, the uncertainties are attributed to the building material 
properties, occupancy patterns, hot water services, ventilation, and climate parameters, etc. Probability 
distributions are attributed to these parameters (normal, triangular, etc.), and the distribution parameters are 
then estimated. Thousands of profiles are then extracted and represented in the form of probability distribution 
to sample them to generate random energy demand profiles for the following study steps. The same approach 
is applied for the load forecasting model called MOSAIC in [8] developed by the principal French DSO (Enedis 
[9]), where the input variables are classified into four types: quantitative continuous (local height, coefficient of 



performance for heater, temperatures, etc.), qualitative binary (e.g., presence of air conditioner or not), 
quantitative discrete (e.g., number of occupants) and qualitative nominal (e.g., thermal performance level). 
The variability range of the parameters are defined, and probability density distributions are attributed to 
continuous variables.  Multiple demand patterns are then extracted from MOSAIC.  

Various methods of sensitivity analysis on energy models are performed in the literature while considering 
the energy demand uncertainty; a local sensitivity analysis is used to study the demand effect on life cycle cost 
and loss of power supply in Sadeghi et al.[10].  A two-stage elementary effect - variance based technique is 
developed by Mavromatidis et al. [4] to study the effect of energy demand on the total cost of the system. Many 
other sensitivity analysis models are developed in [11], [12], [13] and [14], etc. Basically, SA models are 
classified into three major groups : 1- screening models that coarse sorting of the most influential inputs from 
a large number (e.g. Morris method [15]), 2-measure of importance or quantitative sensitivity indices (e.g. 
linear regression [16]) and 3- deep exploration of model behavior that measure the effects of inputs over their 
total range of variation (e.g., Metamodels-based SA [17]). The selection of the most appropriate method is 
based on the number of input parameters and the model’s complexity.  

This paper uses the total demand uncertainty characterization for the extracted curves using the 
probabilistic techniques presented in [18]. Then Input Macro Indicators IMI are defined to describe these 
demand curves. The electric demand curves are used as input for the energy planning model that aims to 
optimally size and place the RES and storage in the existing electrical distribution network. Different indicators 
are then defined to describe the resulted scenarios aiming to perform the sensitivity analysis.  In the studied 
case, features are assigned to the input curves as macro-parameters indicators and their correlation to the 
output indicators is studied. Based on the size (the number of model simulations is about 10 times the number 
of input parameters) and type of the data set, the linear regression (Pearson) is selected for the sensitivity 
analysis.   

2. Methodology 
The methodology summarized in Figure 1 aims to investigate the uncertainties in the Electrical Power System 
Model (EPSM). The EPSM used is the Dynamic Linearized Optimal Power Flow (DLOPF) model detailed in 
[18]. The model inputs considered are the demand curves. The uncertainties and variability of the demand are 
first characterized at each time step according to probability models which are used to generate additional 
demand curves. This set of generated demand profiles are used as inputs of the EPSM on a predefined 
distribution network to create different planning scenarios. Besides the IMI describing the patterns, output 
indicators are then determined to help measuring the sensitivity of model’s outputs to inputs uncertainties 
implied by the variability of the demand. Finally, the sensitivity analysis is implemented in order to identify the 
most effective correlations between the input and output parameters of the model.  

 

Figure 1. General workflow for uncertainty/sensitivity investigation in EPSM 

2.1. Input Data 

The electricity demand curves are the input data on which this uncertainty study is based. These curves are 
generated using a bottom-up load forecasting model called MOSAIC [19]. This tool is based on the 
characteristics of French loads built from a crossing of different databases: INSEE’s residences database 
(French National Institute on Statistics and Economical Studies; French Distribution System Operators 
databases). 

The total load curves by HTA/BT transformer are generated. For the studied area, MOSAIC simulations are 
repeated 25 times and therefore 25 curves per HTA/BT substation covering a whole year are obtained.  The 
difference between curves is due to the attributed assumptions from the input data (building parameters, 



weather data, etc.). These assumptions contain values and associated probability laws [20]. MOSAIC uses 

these values and makes random draws, according to the assumptions, to calculate a possible scenario.     

The time-dependent uncertainties of the load curves are then characterized using the probability laws tests as 
explained in [18]. The Gamma law is proved to be the most appropriate law to describe these uncertainties. 
Then, based on the identified parameters describing the Gamma law at each time step, N=300 load curves 
are generated for each HTA/BT substation.  

The demand curves are generated for one year. Hence, to reduce the simulation time, a clustering method is 
applied to choose 9 typical days (3 periods of 3 days) representing three different demand levels (high, 
medium, and low). The variation of the total demand over the 300 cases at each time-step (t) is shown in 
Figure 2.  

 

Figure 2. Ranges of variation of the generated energy demand curves 

Several input macro indicators can be defined to describe load variation. The chosen parameters are detailed 
in the followings: 

2.1.1. Peak demand values 

The peak demand represents the higher demand value recorded in a time frame. The peak demands in each 
bus (𝑖) are collected for the 𝑁𝑐 cases (𝑒) using the following equation (1) where the number of buses 𝒩 = 14, 

the time steps 𝒯 = 216, and the number of cases 𝑁𝑐 = 300. 

𝑃𝑖,𝑒
𝑚𝑎𝑥 =  𝑚𝑎𝑥

𝑡
 (𝑃𝑖,𝑡,𝑒)                                         𝑖 𝜖 [1: 𝒩]    𝑡𝜖 [1: 𝒯]    𝑒𝜖 [1: 𝑁𝑐]        (1)   

2.1.2. Standardized Variances 

The variances (𝑉𝑎𝑟𝑖,𝑒) in load demand curves designates the spread between demand values in each curve. 

More specifically, variance measures how far each value number in the curve is from the mean (average). The 
variances are calculated using Eq. (2) 

𝑉𝑎𝑟𝑖,𝑒 =  
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∑(𝑃𝑖,𝑡,𝑒 −  

∑ 𝑃𝑖,𝑡,𝑒
𝒯
𝑡=1

𝒯
)

𝒯

𝑡=1

 
       (2) 

2.1.3. Duration of maximum loads  

The maximum demands are defined here as demands higher than 95% of the total peak demand. The number 
of hours during which these demands are encountered are defined as maximum durations 𝐷𝑢𝑒. 

2.1.4. Total energy demand variation 

For that, three different parameters are defined summarizing the total demand in each clustered period (low, 
medium, and high).  

These parameters are calculated using the following formulas Eq. (3) 

𝐸𝑒
𝑙𝑒𝑣 =  ∑ ∑ 𝑃𝑖,𝑡,𝑒

𝒩

𝑖=1𝑡∈Γ𝑙𝑒𝑣

 
(3) 

 

Where 𝒍𝒆𝒗 ∈ {𝑳𝒐𝒘, 𝑴𝒆𝒅𝒊𝒖𝒎, 𝑯𝒊𝒈𝒉} is the demand level and 𝚪𝒍𝒆𝒗 is the time period corresponding to the 

demand level 𝒍𝒆𝒗. 

 



2.1.5. Simultaneity factor (Load coincidence)  

The simultaneity factor represents how much consumers tend to consume simultaneously. The maximum 
demand for each bus may not occur at the same time. The ratio of the aggregated maximum demand of the 
whole network during a particular time to the sum of the maximum demand of individual consumers is called 
simultaneity factor eq. (4). 

𝑆𝐹𝑒 =  
𝑃𝑒

𝑀𝐴𝑋

∑ 𝑃𝑖,𝑒
𝑚𝑎𝑥𝑁𝑏𝑢𝑠

𝑖=1

 
(4) 

Where  𝑃𝑀𝐴𝑋  is the total load maximum value and 𝑃𝑖
𝑚𝑎𝑥 is the maximum value of bus 𝑖. 𝑆𝐹𝑒ranges between 0 

and 1 if all peak demands occur at the same time. 

2.2. DLOPF model used. 

Performing uncertainty and sensitivity analysis requires many simulations (300 in our case). An electrical 
planning model is used. This DLOPF model takes as initial conditions the Photovoltaic (PV), Wind Turbines 
(WT), and BES available surfaces and possible locations. The main outputs are the optimal scenario for sizing 
and placement of PV, WT, and BES in addition to the network simulation with time series variables.   

 

𝑚𝑖𝑛 𝐹𝑜𝑏𝑗 = 𝑚𝑖𝑛

 (Γ𝑜𝑝 +  Γ𝑜&𝑚) +  Γ′𝑖𝑛𝑣 
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Such that  

Γ′𝑖𝑛𝑣 =   ℐ𝑤𝑡 +  ℐ𝑝𝑣 +  ℐ𝑠𝑡 (6) 
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Γ𝑜𝑝 =  𝒞𝑐𝑔 + 𝒞𝑣𝑔 +  𝒞𝑤𝑡 +  𝒞𝑝𝑣 (10) 
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𝑐=1

𝒯

𝑡=1

 (11) 

𝒞𝑣𝑔 = ∑ ∑
(𝐶𝑣𝑔,𝑝. 𝑷𝒊,𝒕

𝒗𝒈
. ∆𝑡 + 𝐶𝑣𝑔,𝑞 . 𝑸𝒊,𝒕

𝒗𝒈
. ∆𝑡)

(1 + 𝑟𝑎)𝑡

𝒩𝑣𝑔

𝑖=1

𝒯

𝑡=1

 (12) 

𝒞𝑤𝑡 =  ∑ ∑
𝐶𝑤𝑡. 𝑷𝒘,𝒕

𝑤𝑡 . ∆𝑡

(1 + 𝑟𝑎)𝑡
 

𝒩𝑤𝑡

𝑤=1

𝒯

𝑡=1

 (13) 



𝒞𝑝𝑣 =  ∑ ∑
𝐶𝑝𝑣. 𝑷𝒔,𝒕

𝒑𝒗
. ∆𝑡

(1 + 𝑟𝑎)𝑡

𝒩𝑝𝑣

𝑠=1

𝒯

𝑡=1

 (14) 

Γ𝑜&𝑚 =
 ∑ (𝑂𝑝𝑣. 𝑨𝒑𝒗𝒯

𝑖=1 +  𝑂𝑤𝑡. 𝑹𝒘𝒕 +  𝑂𝑐𝑔. 𝑃𝑐𝑔𝑇)

(1 + 𝑟𝑎)𝑡
 (15) 

The optimization model used aims to minimize the Levelized Cost of Energy (LCOE) of the system. The 
objective function is presented by (eq.(5)). It includes the total investment cost (Γ′inv), production cost (Γop) 

and operation & maintenance cost (Γo&m). This sum is divided by the sum of demand (P𝐢,t
l ) (in all buses (𝒩)/ 

i: bus index ϵ 𝒩) for the defined period (𝒯) in years / t: time index ϵ 𝒯) over a function of the discount rate of 

the project (𝑟𝑎). 

The total investment cost (Γ′𝑖𝑛𝑣) presented by (eq. (6)) considers: 

• The batteries investment cost (ℐ𝑠𝑡) in (eq. (7) where 𝑬𝒎𝒂𝒙
𝒔𝒕 is the maximum energy and IST is the battery 

investment cost per unit of capacity. 

• The PVs investment cost (ℐ𝑝𝑣) in (eq. (8) where 𝐀𝐩𝐯  is the installed area of PVs is an optimization 
and Ipv is the PV investment cost per unit of surface . 

• The WTs investment cost (ℐ𝑤𝑡) in (eq. (9) where 𝐑𝐰𝐭 is the continuous design variable that defines 

the ratio of installed power capacity to a maximum installable capacity (𝐑𝐰𝐭𝐦𝐚𝐱
) of local wind energy 

and  Iwt is WT the investment cost of 𝐑𝐰𝐭𝐦𝐚𝐱
  

The total actualized operational costs (Γ𝑜𝑝) is represented by Eq. (10).  The 𝒞𝑐𝑔 is the actualized operational 

cost of the Classic Generators (CG)s and 𝒞𝑣𝑔 is the actualized operational cost of Virtual Generators1 (VG)s.  

Solar and wind power operational costs (𝐶𝑤𝑡 , 𝐶𝑝𝑣) are supposed to have very low values since they are clean 
energy sources. The total operational cost for CGs (𝒞𝑐𝑔) is given by eq.(11) where both the sum of active (𝑷𝒄𝒈) 

and reactive (𝑸𝒄𝒈) produced power are multiplied by their corresponding costs (𝐶𝑐𝑔,𝑝 for active and 𝐶𝑐𝑔,𝑞 for 

reactive). Like Eq.(11), Eq.(12) gives the virtual generation cost (𝐶𝑣𝑔).  In each bus, virtual generators have 
generation costs significantly higher than other generators (both 𝐶𝑣𝑔,𝑝 and 𝐶𝑣𝑔,𝑞). The total operational costs 

of WTs (𝒞𝑤𝑡) and PVs (𝒞𝑝𝑣) are represented respectively by Eq.(13) and Eq.(14). Γop is variable according to 

the energy consumed. 

Actualized operation and maintenance cost Γ𝑜&𝑚 is given by Eq.(15). It is dependent on the sizing of WTs, PVs 

and the existing CGs. and their O&M costs (𝑂𝑤𝑡 , 𝑂𝑝𝑣) in addition to the existing CGs maintenance costs (𝑂𝑐𝑔) 

multiplied by the total installed power of CGs (𝑃𝑐𝑔𝑇). This cost is a fixed cost for the year regardless of the 
amount of production. The other equations that form the EPSM model are the linearized power flow equations 
of the DLOPF. These equations are the same presented in [21] and [18].   

3. Case study 
A theoretical case study is selected. The chosen topology is a Medium-voltage rural distribution 

benchmark network shown in  

Figure 3. The benchmarking network comprises two separate subnetworks supplied by classic generators 
located in buses 1 and 12. These subnetworks are connected by buses 8 and 14. In this case, WTs, PVs and 
BESs could be added to specified buses concerning available surfaces for PVs and the existing potential of 
WTs. BES systems could also be added within the limit of maximum allowed capacities. This information is 
detailed in Table 1 with the corresponding costs. 

3.1. Output 

For the uncertainty analysis step, 300 simulations of the EPSM are performed. Four different types of output 
indicators are studied:  

 

• Technical indicators of energy production and storage technologies: energy extracted from CG – 
Installed PVs, WTs capacities – Total produced energy – Batteries capacities.  

• Technical grid indicators: branches’ saturation levels (∆𝑖𝑗) – Duration in which this percentage is less 

than 10% (𝐷𝑖𝑗)  

 

 
1 1Virtual Generators are defined as producers supposed to be added to all the buses to guarantee a feasible 
solution 



• Losses 

 

Figure 3: Medium voltage rural distribution benchmark network [22] 

Table 1. Summary of buses specifications 

Production 
type 

Buses Maximum capacity 

Costs [23] 

Production 
($/MWh fuel) 

Investment O & M ($/MW/yr) 

PV 3,4,7,11,13 
𝐴𝑝𝑣𝑚𝑎𝑥

= 800 m² 

PVt (peak load) =205 W/m² 
Cpv = 0 𝐽pv =178 ($/m²) Opv = 8000 

WT 2,3,4,5,10,14 
𝑅𝑤𝑡𝑚𝑎𝑥

= 10 

WTt (peak load)=1000 KW 
Cwt = 0 

Jwt = 997 000 

$/MW 
Owt = 33000 

CG 1, 12 20 MW 
Ccg,p, Ccg,q =

 36 
0 (already 
installed) 

Ocg = 10500 

VG all buses 10000 KW 
Cvg,p, Cvg,q =

 109 
0 0 

BES 
2,3,4,5,7,9, 

10,11,13,14 
100 kWh 0 𝐼𝑆𝑇=350 $/kWh 0 

 

3.1.1. Impact on the economic indicator: LCOE 

The impact of load data uncertainty on the economic indicator is important since the objective function here is 
initially based on minimizing the LCOE. The violin plot of Figure 4 represents the shape of the LCOE results 
from the 300 cases generated above.  

 
 

Figure 4. Violin plot for the variation of the 

levelized cost of energy in the different cases 

Figure 5. Cost details over the lifetime 



 

The results are centered around the median value (white point) and are almost symmetrically distributed in 
within -15% and +20% of the variation around the median value. The LCOE analysis revealed that the 
randomness of the input variables significantly impacts the LCOE and results in a variation of 28 $/MWh which 
represents millions of dollars over the project lifespan.  

The variation in the LCOE is a combination of variations between the investment, production, and O&M costs. 
These variations are presented in Figure 5. The LCOE variation is mainly due to the investment cost (between 
25$/MWh and 51$/MWh) since this includes the investment in WTs, PVs, and batteries. This LCOE is affected 
to a minor extent by the production cost which is based on the CG production. The O&M cost variation is 
insignificant compared to others and has a negligible effect on the LCOE.   

3.1.2. Technical system indicators 

The impact of uncertainties affects the technical indicators of energy production and storage technologies 
differently. These indicators include the extracted energy from the existing CGs, the installation surface of PVs, 
the fraction of installed WTs, and the total energy produced in addition to the total installed capacity of the 
batteries. The results are summarized in the parallel coordinate plots of Figure 6. 

 

Figure 6. Parallel coordinate plots for the different cases results 

The quality of the input data has no effect on the investment cost of the PVs. The installed area is constant at 
the maximum level for all cases (4000 m²), which means that the model always prioritizes the investment in 
the cheapest production technology compared to the other sources (CGs and WTs) so that the variations in 
investment and production amounts will be concentrated in the CGs and WTs. Moreover, substantial variations 
(16.6%) are shown in the energy extracted from the classic generators (up to 40 MWh) as well as in the 
installation of WTs (50.2%). The variation in the total production (5.94%) is less important than in the WT and 
CG since the sum contains both, and this balances the total variation because tracking the extreme points, we 
notice a maximum energy extracted from CG (225 MWh) that corresponds to a minimum installed WT power 
(4.6 MW) and a minimum CG (187.6 MWh) corresponds to a significant WT (8.6 MW). The variation in the 
WTs and PVs that produce intermittent energy induces the variation in the dimensioning of the batteries that 
aim to compensate for this intermittence. As long as the installed power of PV does not vary, the installed 
power of WT causes this important variation in the battery installation (62.13%).  

3.1.3. Technical grid indicators 

To focus on the network itself, technical indicators are used related to the grids, especially the amount of power 
flowing in the branches. The first indicator is the percentage of saturation of the branches (∆𝑖𝑗) and the second 

is the time (𝐷𝑖𝑗) during which the saturation is low and does not exceed 10%.   

• The percentage of saturation (∆𝑖𝑗) in apparent power is calculated using eq.(16)  

∆𝑖𝑗  (%) =
 𝑆𝑖𝑗  

𝑆𝑖𝑗
𝑚𝑎𝑥 × 100 

(16) 

The power flow behavior is depicted in Erreur ! Source du renvoi introuvable.Erreur ! Source du renvoi in
trouvable. for four different branches of one of the 300 simulated cases during the three typical days.  In the 
high demand period, some branches are almost fully saturated, like branch 3-4; this branch also reaches a 
complete saturation in specific hours in medium (72h to 75h) and low (190h-195h) demand periods. Since this 
branch transmits power to several other branches, it affects the power delivery to the succeeding buses during 
these saturation periods, and therefore, it may influence the installation of generation sources to compensate 
for the lack of power delivery.  



Other branches do not reach a saturation point that exceeds 60% of their capacity (e.g., branches 11-4). The 
maximum ∆ij reached are identified for each branch in the 300 cases. The boxplots of Figure 7 show the 

repartition of the 300 values attributed to each branch. The uncertainties in input demand do not affect the 
maximum saturations of the first four branches. The first 3 branches are saturated most of the time because 
they are responsible for the delivery of energy to other branches. Full saturation is noticed in branches 6-7 
also, and it comes back to the non-possibility of installation of RES and BES on bus 6.  However, the maximum 
saturation rates achieved in the other branches vary by ranges of about 5% (12-13, 13-14, etc.).  

  

 

Figure 7. Boxplots of the apparent power saturations (a) and the duration of low saturation (less 

than 10 %) (b) in each branch 

• The duration with very low branch saturation is expressed in eq.(17) 

𝐷𝑖𝑗 = 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓  ∆𝑖𝑗 < 10 %              (17) 

The time during which the branches are within 10% of their saturations over the defined duration is considered 
as a technical indicator for the grid since it concerns the grid’s branches dimensioning and their maximum 
apparent power. The results of the 300 cases are presented in the boxplots of Erreur ! Source du renvoi i
ntrouvable. for each branch.  

𝐷𝑖𝑗 is varying more in the branches where its values are more significant than in those where 𝐷𝑖𝑗 is about few 

hours that corresponds to the branches with higher maximum  ∆ij. The more the branches are saturated, the 

less they reach saturation less than 10%. For better understanding, we select the most critical branches (with 
∆ij> 80% and 𝐷𝑖𝑗 < 25 hours). The selected branches are, therefore (1-2, 2-3, 3-4, 6-7 and 8-9). The first branch 

(1-2) is critical since it is one of the main branches importing power from the classic generators to an important 
part of the network. The other two branches (2-3 and 3-4) are part of the branch (1-12) that will feed an 
important part of the network; in addition, they contain RES and BES that satisfy their demands first and 
transmit as much as possible for the rest of the network. Branches 6-7 and 8-9 are critical because they are 
connected to buses 6 and 8, where no installation is possible (neither RES nor BES) as shown in Table 1. 
Therefore, these branches deliver power with their maximum capacity to be able to saturate the demand for 
these buses. 

• The grid losses  

The grid losses are estimated by calculating the difference between production and demand. The results are 
presented in the following Erreur ! Source du renvoi introuvable..  In most cases, losses have less than 1% o
f differences since they vary between 7.1 % and 7.8%. In some cases, losses are at the level of 9.8 %, while 
minimum observed losses are around 4%. 

4. Sensitivity Analysis 
The objective of sensitivity analysis is to determine which model parameters are important and their relative 

impact on the results. This gives insights about the efforts or resources needed to reduce the total uncertainty 
of the system's forecasts. Among the different SA technics presented in the literature, quantitative tests are 
made for sensitivity analysis using correlation analysis. 

Tests based on correlation analysis. 



The Pearson correlation coefficient is widely used in the literature. It measures the association between each 
input considered separately and the output. A number between -1 and 1 measures the strength and direction 
of the relationship between two variables. The correlation is given by the eq.(18). 

𝑟 =  
𝜎𝑥𝑦

𝜎𝑥 . 𝜎𝑦
=  

∑ (𝑥𝑖 −  �̅�)(𝑦𝑖 −  �̅�)𝑖

√∑ (𝑥𝑖 −  �̅�)²𝑖  √∑ (𝑦𝑖 −  �̅�)²𝑖

                           𝑖 = 1, … , 𝑁 
  (18) 

 

Where 𝑁 is the number of samples.  

The values of 𝑟 are interpreted as follows [24]: 

• Between 0 and 1: a positive correlation exists between variables (strong 𝑟 > 0.5, moderate 0.3< 𝑟 < 
0.5 and weak 0 < 𝑟 < 0.3) – when one variable changes, the other variable changes in the same 
direction. 

• 0: No correlation (there is no relationship between the variables) 

• Between 0 and -1: a negative correlation exists between variables (strong 𝑟 < -0.5, moderate -0.3> 𝑟 
> -0.5 and weak 0 > 𝑟 > -0.3) – when one variable changes, the other variable changes in the opposite 
direction. 

To perform the Pearson correlation test, both variables should be quantitative. They should be normal or a 
little non-normally distributed. In the studied case, this distribution is visualized by the diagonal of Figure 10. 
In Pearson correlation tests, choosing a sample size of up to 258 variables means a correlation test with a 
power 90%, an error 5% and an alternative correlation 0.2 as detailed in the sample size guideline for 
correlation analysis [25].   

The input parameters are therefore 𝑷𝒊,𝒆
𝒎𝒂𝒙, 𝑽𝒂𝒓𝒊,𝒆,  𝑫𝒖𝒆, 𝑬𝒆

𝑳𝒐𝒘, 𝑬𝒆
𝑴𝒆𝒅𝒖𝒊𝒎, 𝑬𝒆

𝑯𝒊𝒈𝒉
 and 𝑺𝑭𝒆. The output indicators 

are 𝐿𝐶𝑂𝐸𝑒 , 𝑊𝑇𝑒 , 𝑃𝑉𝑒 , 𝐵𝐸𝑆𝑒 ,  𝑙𝑜𝑠𝑠𝑒𝑠𝑒 , ∆𝑖𝑗,𝑒  and 𝐷𝑒 =  ∑ 𝐷𝑖𝑗,𝑒  with 𝑖: bus index, 𝑒: case index and 𝑖𝑗: branch 

index. The results of the test of linear relationships between the parameters (Vari,e, Pi,e
max  ) and indicators are 

presented respectively in the following Erreur ! Source du renvoi introuvable. and Erreur ! Source du re
nvoi introuvable.. The Pearson correlation index r  is calculated for the remaining parameters and 
represented in Figure 10. The indicator of PVs is excluded since it is demonstrated that the uncertainties do 
not affect this investment.  

From Erreur ! Source du renvoi introuvable., it can be noticed that 4 buses (1,3,10 and 14) have marked a
n effect of variances on the output indicators. The increased standardized variances of buses 1, 10 and 14 
cause an increase in the installed WT power and a decrease in the extracted CG energy. The batteries are 
affected by the variances in buses 3 and 14. The LCOE increases with the increase of standardized variances 
of buses 3, 10 and 14. Even if the correlation exists, it is considered weak ( r < 0.3). The most influencing bus 
based on variances is the last one (bus 14) since the increase of load variance in bus 14 also causes an 
increase in the duration of minor saturations, and a decrease in losses.  

 

 

 

 

Figure 8. r values resulted from Pearson correlations 

tests of standardized variances (𝑉𝑎𝑟𝑖,𝑘) on each bus 

with the output indicators 

Figure 9.  r values resulted from Pearson 

correlations tests of 𝑃𝑚𝑎𝑥   on each bus with the 

output indicators 

In Erreur ! Source du renvoi introuvable., the results show that 4 buses (1,4,8 and 14) could affect the i
ndicators but also with weak correlations (r < 0.15). An increase in the peak power of bus 1 leads to an increase 
in WT investment and a decrease in CG extraction because this bus conveys power to other buses; when the 
demand increases, the saturation effect of the branch decreases the quantity conveyed, and consequently the 



system invests more in WTs. Increasing the peak power of bus 8 leads to an increase in battery investment 
since this bus does not contain a RES or BES and is fed from the grid. This increase in peak demand will be 
compensated by the storage of the power injected into the network, and then more investment in batteries.  

The five input macro-parameters correlations with output indicators are displayed in Figure 10. The increase 
of the first parameter (the maximum duration parameter (𝐷𝑢)) leads to a decrease in the duration with very low 

branch saturation 𝐷𝑘 (r = -0.15). By the fact that as long as the maximum demand values are reached, the low 
saturations of the branches appear less. 

Figure 10. Tests on the different input parameters correlations with the output 

 

The total energy demands at each demand level calculated by eq.(3) are expressed in Figure 10 respectively 

by E1 for Ee
High

, E2 for Ee
low  and E3 for Ee

Medium . The values of LCOE increase with the high demand total 

energies Ee
High

 increasing. Thus, E1 has a strong effect (r = 0.56) on the LCOE, while others have moderate 

effects (r = -0.04) for E2 and (r = 0.03) for E3. When the total low demand energy E2 increases, the extracted 
energy from CGs increases also (r = 0.13) which means that this low-level energy is mainly extracted from 
CGs. This returns to the grid behaviour in the low-demand period when the branch limits are not reached, and 
the energy from the classic generators can be continuously transmitted. In addition, E2 coincides with a period 
where renewable energy is less present and therefore increased use of batteries which is less competitive with 
classic generators. The increasing in E2 also results in a decrease in the Dk (r = −0.23) because this demand 
period is the one with a high occurrence of the hours of less than 10% of ∆ij. So, a decrease in the demand 

increases these durations. 

High total energy demand (𝐸1) is the most impactful parameter. An increase in  𝐸1  leads to a strong increase 
in investment in WTs (𝑟 = 0.7) and, therefore, an increase in battery dimensioning (𝑟 = 0.19). This leads to a 

decrease in CGs energy extraction (𝑟 = −0.48) and a significant decrease of the LCOE (𝑟 = −0.5).  An 

increase in duration 𝐷𝑘  is observed (𝑟 = 0.2). This is because of decentralization of producers (WTs and BES) 
and the limitation of the transition of the power from CGs, which reduces the saturation of the nearest branches 
to CGs after recourse to renewables and batteries.  

The simultaneity factor (𝑆𝐹) has very weak influences on the indicators (r < 0.1).  

The distribution of the parameters is shown in the diagonal of Figure 10. The Gamma test is applied to the 
output indicators distribution, and the results give p-values lower than 0.05, so the hypothesis of this law is 
rejected this means that the probabilities of accepting the hypothesis (the data are gamma-distribut) are less 

than 5% [26].The difference in distributions between the input parameters and the output indicators means 
that the model does not propagate uncertainties in a linear way between inputs and outputs. The distribution 
of most parameters is close to a normal distribution as shown in the distributions of E1, E2, E3, SF, CG, 
Losses, etc. Therefore, the use of Pearson correlations is validated. 

5. Conclusions 



This paper uses an EPSM model to perform uncertainty and sensitivity analyses. Input macro-parameters 
were defined to describe an quantify the model’s inputs uncertainties. A sensitivity analysis is performed using 
the correlations between the input parameters and the output indicators to identify the most influential 
parameters. The results show that the uncertainties have considerable effects on the results. In economic 
terms, uncertainties lead to a 35% variation range of the LCOE. In terms of system design, there is a need to 
increase the installed capacity of wind turbines, extract more energy from power plants, and/or install more 
BES depending on the case. Uncertainties also affect grid saturation in the branches. The analysis enabled 
the identification of the most important parameter which is the total energy demand during the high demand 
period (winter), as this parameter strongly affects the defined indicators. This makes this parameter a key 
parameter in the sizing of RES, BES and thus in the network planning. 

Nomenclature 
Variables 

𝑃 Active power [MW] 

𝑄 Reactive power [MVAr] 

𝐹 Objective function 

𝒞 /  ℐ Total operational/investment cost by production 

Γ Total cost by category 

𝐶𝐶 Capital Cost 

𝐴 Installed surface of PV [m²] 

R Ratio of installed WT capacity [MW] 

𝐸 Active energy  

𝑟 Correlation parameter 

𝑉𝑎𝑟 Variances 

𝐷𝑢 Duration of maximum loads  

𝑆𝐹 Simultaneity factor 

∆ Percentage of brunch saturation 

𝐷 Duration of less than 10% of brunch saturation 

Parameters 

𝐶 Elementary operational cost 

𝐽 Elementary investment cost  

O Elementary O&M cost 

𝐿𝑇 Lifetime  

𝑙𝑠 Lifetime of the overall system 

𝑟𝑎 Discount rate of the project 

Indices and sets 

𝒩 Set of buses,  𝑖, 𝑗 𝜖 𝒩 

𝒯 Set of all times, 𝑡 𝜖 𝒯 

ℬ Set of batteries 

Nb Number of batteries 

𝑐 / 𝑢 / 𝑠 / 𝑤 Indices of buses with CG/VG/PV/WT 

𝑘 Iteration number in DLOPF 

𝑖𝑛𝑣 Investment 

𝑜&𝑚 Operation and maintenance 

𝑜𝑝 Operational 

𝑒 Case index 

Upper-scripts 

𝑐𝑔 /  𝑣𝑔 Classic generator/virtual generator 

𝑝𝑣 / 𝑤𝑡 / 𝑠𝑡 Photovoltaic/wind turbines/Storage 

𝑏 BES index  

𝑙 Load index at a bus 

𝑝 / 𝑞 Active/reactive power 

𝑚𝑎𝑥 Maximum value for the upper limit 

𝑙𝑜𝑤 Low energy levels 

𝑚𝑒𝑑𝑖𝑢𝑚 Medium energy levels 



ℎ𝑖𝑔ℎ High energy levels 
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Abstract: 

The novel concept of Smart Energy Systems has emerged over the last decade within the context of the energy 
transition toward a carbon-free sustainable future. For an energy system to be “smart”, several factors have to 
converge: (i) a high integration of renewable energy sources, (ii) the flexibility required to deal with their 
fluctuating nature, (iii) the exploitation of digital technologies and (iv) the cross-sectoral approach that uses 
synergies between various energy domains (sector coupling). Indeed, the traditional domain-specific energy 
flows from production to usage are overcome in favor of an integrated approach, in which energy is converted 
or stored into the most convenient vector. Coupling energy sectors, however, requires smart management and 
control strategies that are able to drive a system toward minimal energy use (or minimal cost), despite its 
increased complexity. Furthermore, the advanced management strategy of a smart energy system may vary 
significantly depending on its spatial dimensions, from the national/regional level to small-scale energy 
communities or islands. Hence, pointing out the latest progress on smart management is paramount for 
orienting future research and practice, and fostering the energy transition. This work reviews the available 
methods and tools for enabling the optimal operation of smart energy systems at different spatial and temporal 
scales. They are categorized according to relevant features such as the energy vectors and infrastructures 
involved, the presence of short-term or seasonal storage, the time horizon and specific application. The paper 
also summarizes research guidelines and drivers for the continuous development and expansion of smart 
energy systems at all levels. It was found particularly relevant to investigate optimal management at multiple 
time and space scales at the same time, for exploiting not only synergies between sectors, but also between 
neighboring communities. The tools should also have the possibility to include additional energy vectors (e.g. 
different types of chemicals) and their verification in demonstration cases should be promoted.  

Keywords: 

Control; Hybrid energy systems; Modeling; Optimization; Sector coupling; Smart energy systems; Smart 
management; System integration. 

1. Introduction 
Over the last few decades, the decarbonization of all human activities has become a global priority recognized 
by the international scientific community. Reducing greenhouse gas emissions is indeed a fundamental step 
to mitigate the effects of human activities on the climate and environment. Being one of the most carbon-
intensive areas, the energy sector offers significant room for improvement. To this end, researchers have 
devoted great efforts in investigating and developing new concepts for the energy sector of the future [1].  

In this context, the necessary steps to take are the implementation of energy efficiency actions, and the more 
rational exploitation of available resources and fuels. Hence, the energy system is progressively undergoing a 
transition toward a new paradigm, also referred to as sector coupling [2]. This indicates the interconnection 
between different sectors achieved by integrating multiple energy carriers and exploiting their synergies to 
enhance overall conversion efficiency. A system with these features is often regarded as an Integrated Energy 
System (IES) and is shown in Figure 1. 

The very first example of this concept was the combined production of heat and electricity within a single plant, 
i.e. cogeneration unit. This is a high efficiency technology that recovers heat otherwise lost in the environment. 
Additional steps have been taken with the electrification of heat production and the transport sector.  

The rise of new technologies and the possibility to exploit unconventional energy carriers (such as synthetic 
fuels and chemicals) has led to the integration and interconnection of all energy sectors in a unique circular 
framework, from the production of electricity to heat at different temperature levels, and even to mobility. While 
the traditional shape of a generic energy system comprised linear energy flows that were sent from the source 
directly to the final use, in the new framework the energy flows extracted from the sources can undergo multiple 



passages before being used [3]. Some examples of these passages that characterize an IES are 1) conversion 
into a more cost-effective energy form, 2) accumulation into a storage device, and 3) supply into a distribution 
network.  

The advantages of this new concept, compared to the previous one, are determinant:  

• The cross-sectoral approach exploits the synergies between energy domains, so that energy can be 
transferred in the most convenient form depending on the specific conditions. For example, thermal 
demand can be translated into electrical demand by means of heat pumps. The deriving heat can be 
stored (more easily than electricity) or injected into heat distribution infrastructures for supplying entire 
communities. In parallel, excess electricity (e.g. from renewable sources) can also be converted into 
a chemical vector through Power-To-Gas systems, to be used at a later time or in a different location. 

• An IES presents more degrees of freedom thanks to the different operation possibilities descending 
from the previous points, thus providing sufficient flexibility to deal with varying conditions.  

• The higher flexibility, in turn, makes it possible to reduce the risk of curtailment of non-programmable 
renewable energy sources, and to operate programmable plants in a more profitable operating range.  

• The available local resources can be put at the disposal of a larger community, so that energy can be 
produced and self-consumed locally, reducing grid losses. An example of this is the constitution of 
Renewable Energy Communities (REC), according to the recent European legislation. 

Although this growing interconnection represents a key part of the energy transition due to the aforementioned 
benefits, it determines new challenges that deserve to be addressed. The most crucial is that the profitable 
layout and operation of a given system does not depend only on the single user or single plant, but is highly 
influenced by the neighboring users and entire infrastructure, including all connected elements and networks. 

In this sense, IESs have to become Smart Energy Systems (SES), the definition of which is not limited to the 
co-operation of different energy infrastructures. A key feature of a SES is that it is planned, designed, operated, 
or optimized with the aid of dedicated digital tools. In more detail, tools for smart management are particularly 
relevant for dealing automatically with the complexity of the new paradigm. Indeed, they eliminate the risk of 
bad operations and relieve operators and technicians from the duty of locally controlling the energy flows of a 
complex new system for which neither expertise nor data are available.  

Until recent years, major efforts have been directed toward the optimization of the electricity sector at all levels, 
as in the case of REC. Nonetheless, as shown above, the greatest benefits can be enabled by integrating all 
sectors, especially heat which constitutes at least half of the final energy use in Europe. A recent paper 
summarizes the development tools for the plant design and control of electro-thermal systems [4]: a system-
level framework for the modeling, control, and design of multi-domain systems is defined, with a list of control 
methods as well as implementation tools (e.g. software and toolboxes). However, the focus is limited to future 
electrified vehicles. Similarly, Mishra et al. [5] review the technologies for sizing and operating innovative 
control in renewable integrated energy systems, with the sole focus on stand-alone and grid-connected 
electricity systems. Here, the term “integrated” is adopted to define an electricity-based system including a 
wide range of renewable technologies.  

 

Figure. 1.  An example of an integrated energy system in the framework of sector coupling with the 
electricity, heating, cooling and gas infrastructures. CHP: Combined Heat and Power plant, RES: Renewable 
Energy Sources, PTG: Power-To-Gas.  
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Whilst purely electrical infrastructures often have similar features in terms of time scale, due to their very fast 
dynamics, when coupling different sectors, the differences in time dynamics should be carefully investigated, 
and also considered in the related optimization tool. In addition, an IES can be implemented in different spatial 
dimensions, ranging from the IES for an individual building, to its community-scale application, to the whole 
national energy system of a country. When communities and networks are concerned, there are also large 
differences in system layouts and network topology.  

All these aspects make the development of tools for IES smart management challenging but also critical for 
the energy transition. Indeed, it is firstly determinant to choose the appropriate tool, algorithm or methodology 
depending on the desired time or space scale, or even depending on the specific application. Since sector 
coupling and IES investigation is a rather novel topic, the state-of-the-art research does not offer a detailed 
overview of these tools. Despite the fact that tools for IES simulation and modeling have been surveyed in [6], 
to the best of the authors’ knowledge, no unique set of tools for smart management exists in the literature. 

This paper aims to provide a catalogue of the most recent works that presents tools for optimization and 
management of IES in the perspective of sector coupling. A particular distinction is made regarding the spatial 
dimension and time horizon in which each selected tool is supposed to be applied, or offers the greatest 
benefits. This analysis includes a thorough review of the literature, the selection of the most relevant papers 
for this purpose, and the extraction of the features of the proposed tools. To restrict the research field, this 
review aims to give an answer to the following research questions:  

• How can smart management be applied to integrated energy systems at different spatial levels?  

• Which are the tools that can enable system planning, design, optimization and management when 
considering different time horizons?  

Finally, a set of drivers and guidelines based on the obtained results are given as indications for future research 
in the field.  

2. The concept of sector coupling 

2.1. Definition 

It can be seen from the literature that a clear contextualization of sector coupling is missing. As noted by 
Ramsebner et al. [2], the term is often misinterpreted: it is used in a wide range of cases, from the bare inclusion 
of renewable energy sources, to the coupling of the production of energy and transportation. By contrast, if the 
scope is restricted to the field of energy production, distribution and utilization, available sources and research 
works adopt different terms to define the same concept (IES, in the scope of this research).  

The focus of this paper is to produce an overview of the tools to achieve the optimal management of IES in 
the framework of sector coupling. This task is therefore subordinated to the preliminary identification and 
explanation of the terms used in the literature to refer to IES (as in the meaning given in Section 1). These 
definitions, which are detailed in Table 1, also represent the main keywords used in the literature search.  

 ith reference to the term “hybrid energy systems” [7], it is worth specifying that, apart from the scope of sector 
coupling, the term can also identify the following concepts:  

• A system in which different conversion units are integrated to pursue the same scope (e.g. supplying 
electricity). This is the case of renewable energy sources coupled with conventional power plants. 

• A system in which different components are integrated within the same power plant to enhance plant 
efficiency (e.g. fuel cells coupled with gas turbines).  

Hence, when analyzing the literature and selecting relevant papers as well as the related tools, particular 
attention has to be paid to this term.  

2.2. Infrastructures 

The whole energy system is based on infrastructures that can connect the energy conversion systems with 
users or storage devices at different scales. These infrastructures are shaped as networks that may have 
different topologies according to the specific domain. In particular, it is worth mentioning electrical grids, natural 
gas networks, and heating and cooling networks [8].  

Electrical energy and natural gas can be transferred for long distances and then distributed in a widespread 
manner to the single users. Therefore, in general, these networks are structured with transmission networks 
(e.g. at high voltage or pressure in order to reduce dissipation) and distribution networks (e.g. where voltage 
and pressure are progressively decreased toward the users).  

Conversely, heat cannot be efficiently transported for more than a few kilometers. Therefore, its production 
must be close to the users and the networks are only for its distribution. Another peculiarity of heating and 
cooling networks is that they use a medium for heat distribution (e.g. steam or water) and, therefore, they are 
composed of supply and return piping. 

All these infrastructures were traditionally intended as passive and one-directional, with the energy transferred 
from a small amount of source points (e.g. power plants) to a high number of sink points (e.g. houses and 



factories). Starting from the electrical grid they are becoming progressively more active and bi-directional with 
an increase in the number of production points and the presence of points that can alternatively be a source 
or a sink (i.e. the so-called prosumers). 

Storage technologies [1] are a key part of the infrastructures, and have become more relevant over the past 
decades to decouple energy production (often deriving from discontinuous or uncontrollable sources) from its 
utilization. From the temporal perspective, in this paper the storage technologies are grouped into two 
categories:  

• Short-term storage: this kind of storage technology is characterized by high power but low capacity 
and therefore it can act over time scales up to one day. It includes, for example, flywheels, batteries 
and thermal energy storage tanks. 

• Long-term storage: this kind of storage technology is characterized by high power and high capacity 
and can act over time scales from days to months. It comprises, for example, flow batteries, pumped 
hydro, compressed air, chemicals, seasonal heat storage (e.g. pit thermal energy storage). 

Besides the aforementioned energy networks, there is another energy distribution infrastructure, that was 
traditionally considered disconnected, but which is becoming progressively integrated: fuel for transportation. 

2.3. Coupling technologies 

Within an IES, the infrastructures described above are connected by means of coupling technologies, which 
can also be defined as bridging technologies. They are energy conversion units that convert an energy vector 
into one or more different energy vectors.  

Conventional coupling technologies are (i) boilers (i.e. from fuels to heat); (ii) engines (coupled with 
alternators), which when configurated as cogeneration units can bridge the fuel domain with both the electrical 
energy and heat domains; and (iii) chillers (i.e. from electrical energy to cooling energy). 

The most innovative technologies are heat pumps [1] and Power-To-Gas (PTG). Heat pumps are based on 
the same working principle of the electric chillers, but in heat pumps the output is the heat that it is delivered 
at high temperature. Heat pumps can work in a reversible way (i.e. using the electricity to produce heat in 
winter time and cooling energy in summer time) or they can also have a double effect (i.e. the production of 
both a cold and warm vector at the same time). 

PTG refers to a technology that converts electrical energy into a gaseous fuel (e.g hydrogen or methane). It is 
therefore composed of an electrolyzer that produces a hydrogen stream, which can be stored or combined 
with a carbon dioxide stream to feed a reactor for their conversion into methane and water. The water can be 
removed by condensing it and the methane can be stored or injected into the network. 

 

Table 1.  Terms used in the literature to identify integrated energy systems in the context of sector coupling. 

Name Detailed explanation References 

Sector coupling “ he concept of    encompasses co-production, combined 
use, conversion, and substitution of different energy supply 
and demand forms—electricity, heat, and fuels” 

[9] 

Integrated energy 
systems 

“(   ) combine on-site power generation technologies with 
technologies for heating and cooling” and “bring together all 
forms of cooling, heating and power […] combined heat and 
power […], and cogeneration technologies.” 

[10] 

Multi-energy systems “  system designed to allow the operator to choose between 
multiple energy sources”; and also systems “whereby 
electricity, heat, cooling, fuels, transport, and so on optimally 
interact with each other at various levels” 

[3,11] 

Hybrid energy systems “Hybrid energy systems are combinations of two or more 
energy conversion devices (e.g. electricity generators or 
storage devices), or two or more fuels for the same device, that 
when integrated, overcome limitations that may be inherent in 
either.” 

[7] 

Energy hub “  unit where multiple energy carriers can be converted, 
conditioned and stored. It represents an interface between 
different energy infrastructures and/or loads” 

[12] 

Smart energy systems “an integrated holistic focus on the inclusion of more sectors 
(electricity, heating, cooling, industry, buildings and 
transportation) and allows for the identification of more 
achievable and affordable solutions to the transformation into 
future renewable and sustainable energy solutions” 

[8] 



By broadening the focus also to the transportation sector, charging infrastructure for electric vehicles can be 
considered as a bridging technology. It is worth mentioning that this coupling can also enable storage 
technologies such as Vehicle-to-Grid. This involves batteries of electric vehicles connected to charging stations 
being provisionally at the disposal of the power grid as storage to aid its operation. 

3. Methodology 
The methodology adopted to carry out the investigation in this work involved a thorough search of the current 
scientific literature concerning the subject of integrated energy systems in the framework defined in Section 
2.1. The search in international scientific databases was conducted with a combination of keywords to identify 
both the subject and specific aim of each work. To this end, the keywords defined in Table 1 were in turn 
combined with keywords such as “optimization”, “control”, “management” and “operation”, in order to restrict 
the analysis to smart management tools. 

Since sector coupling has become a broad topic over the last few years, and research papers have been 
growing continuously since the first definition, the output of this search was filtered adopting the following 
criteria for inclusion in the review: 

• the paper covers a system with at least two energy vectors or networks; 

• the paper presents a novel tool for the design, optimization or management of an IES; 

• the spatial scale in which the proposed tool is applied is clearly identified within the scope of the paper; 

• the time framework (e.g. time discretization, time horizon) for the application of the proposed tool is 
clearly determined. 

The last two points are particularly relevant to this review. Indeed, the aim of this investigation is to classify the 
innovative methods and tools that allow an IES to be analyzed and optimized considering the differences that 
derive from the spatial and temporal dimensions. 

To achieve this goal, the selected papers were thoroughly examined to extract their relevant features related 
to: (i) energy vectors tackled by the proposed tool; (ii) space and time scales; (iii) the presence of storage; (iv) 
the main aim of the tool; and (v) specific notes on the algorithms or software packages used. In addition, 
geographical and technical details on the case studies, if present, are noted. The features, divided into 
categories, are explained in Table 2. 

Finally, the deriving information was collected in a broad table that presents an overview of the available 
studies, in order to:  

• View the characteristics of each selected paper; 

• Make comparisons between the presented tools; 

• Understand which are the most covered aspects and, by contrast, the major gaps that should be 
tackled by future research; 

• Verify if there are tools that tackle more than one feature at the same time, with reference to the same 
category. 

Table 2.  Features for the categorization of the selected papers.  

Category Features Description 

Energy vectors Electricity, heating, cooling, natural 
gas, hydrogen, steam, other fuels, 
transportation* 

The energy vectors comprised in the IES or 
included in the tool 

Spatial scale Building, community, city, region, 
nation or greater (Europe) 

The spatial scale of application of the tool, 
ranging from individual buildings to systems 
spanning different nations 

Time scale Hours, days, weeks, year, or even 
multiple years 

The time horizon for the investigation 
performed by the tool  

Time discretization  Quarter hours or smaller, hour, day The time-step for subdivision of the time scale 
of the tool 

Storage Short-term, long-term The tool or application considers one or more 
types of storage, specifying its time scale 

Aim of the tool Simulation, optimization, 
management, design, long-term 
planning  

Specific aim or aims of the tool (management 
is related to operation scheduling as well as 
real-time control) 

Algorithms - If relevant, this field defines the existing 
algorithms or software used 

Case study - If relevant, this field collects the main technical 
and geographical information of the case 
studies presented as applications 

*Despite being a sector and not an energy vector, transportation was added to consider the aspects of mobility that can 

be integrated into a broader energy system (e.g. electric vehicles). 



It is particularly relevant to consider the last point because, with the growing expansion of IES with different 
characteristics, it will be necessary to use versatile and multi-scale methods, and not just case-dependent 
tools that are tailored to a single application. The table of papers obtained in this review makes it possible to 
identify multi-scale studies (either spatial or temporal) and to verify where room for improvement can be found. 

4. Results 
The results of the investigation carried out in this work (and outlined in Section 3) are reported in Table 3, 
which lists the selected papers and the specific features of the proposed tools for the optimal design and 
operation of IES. The table aims to provide a basis for 1) making comparisons between methods, 2) selecting 
the most adequate method for a given application, and 3) understanding research gaps and drivers for the 
future. All these tasks are relevant to the expanding research field of IES. 

Overall, 34 papers were selected for the scope of this analysis (and for the sake of space limitations), 4 of 
which were published before 2020 while the other 30 were published between 2020 and 2023. This distribution 
reflects the fact that, from the first definitions of sector coupling and IES in the mid 2000s, the number of works 
has dramatically increased over the last few years. However, it should not be concluded that, before 2020, 
researchers were not investigating these concepts. This literature search was conducted with precisely 
identified keywords, most of which were specified quite recently, and broadly adopted by researchers even 
more recently. Thus, most likely, the tools and methods proposed at earlier times were not labelled with the 
same definition. In addition, this literature search, which does not presume to be exhaustive, gave priority to 
more recent works, in order to delineate the latest tools available.  

Various useful comments can be drawn from this overview:  

• The sectors that are taken into consideration by the most part of papers are electricity, heating 
(sometimes coupled with cooling in district heating and cooling networks), and natural gas. These 
infrastructures are indeed the most advanced in current energy systems. However, it is expected that 
in the future other fuels (e.g. hydrogen, methanol and other non-conventional chemicals) will be an 
important part of an IES. This highlights a gap that deserves investigation.  

• With regard to the building scale, it is common to only consider electricity and heating or cooling, i.e. 
the vectors that can be distributed internally, while few papers consider natural gas. 

• On the contrary, at the scale of a wide region or an entire country, it is more common to include 
different types of fuels, whereas the aim of the analyses is mainly the optimal planning of capacity 
development in long-term scenarios (up to 2050). Real-time optimal management of PTG technologies 
was not found within the scope of this research.  

• As already noted, large spatial scales are mainly devoted to simulating the system for future years, 
planning their development, or determining the optimal capacity and combination of sources for the 
considered area. In such cases, the time horizon for optimization is at least one year, but the 
management (with such a long time perspective) is carried out with typical days or typical weeks in 
the year. Thus, it is not representative of a real-time management tool.  

• Investigations at community level are widespread, where community is often viewed as a district with 
a multiplicity of end-users, but it can also be seen as a set of coordinated power plants feeding a non-
specified end-use. Particular attention should be paid to the end-use of each application. In any case, 
the community is equally analyzed with short time-scales (in the range of days, with the purpose of 
determining, in the best case, optimal control of the IES) or long time-scales (to schedule the operation 
of the system over an operating year).  

• Storage technologies are almost always taken into consideration, since they enable flexibility and allow 
the full exploitation of optimal management, planning or design tools. Nevertheless, seasonal storage 
can be included in very few available tools, and only for those that view a relatively long time horizon.  

• Overall, modeling and optimizing all energy sectors with fine discretization in terms of space and time 
can be computationally demanding. A feasible possibility is to increase the size of the time-steps or to 
select a few representative periods [13]. This strategy, however, can lead to biases in the generated 
optimal (or sub-optimal) solution.  

An additional result of this research is the in-depth analysis of a selection of tools for each spatial scale, 
enriched with details on algorithms and case studies, where present. This is reported in Table 4.  

It can be noted that a widely used method when dealing with optimal management at building and community 
scales is Model Predictive Control (MPC), which is an advanced control strategy that requires a model of the 
system. This feature, promising for the good performance of the management strategy, may make the problem 
intractable when the number of variables of the system grows. In general, the MILP formulation, a deterministic 
method that guarantees optimality, is the most used. For larger spatial scales, energy system models and sets 
of simulations with sensitivity analysis are used to deal with an increase in decision variables.  

In light of the above, more studies and systematic reviews will be necessary to further outline the existing 
bibliography, and to investigate the links and relationship between all the presented features.  



Table 3.  Relevant features of the tools proposed in the selected papers. E: electricity, H: heating, C: cooling, S: steam, NG: natural gas, H2: hydrogen, OC: other 
chemicals, M: mobility. ST: short-term, LT: long-term. Sim: simulation, Opt: optimization, Mng: management, Des: design/sizing, Pln: long-term planning. 

Paper 
Energy vector 

Spatial scale Time scale Time discretization 
Storage Aim 

E H C S NG H2 OC M ST LT Sim Opt Mng Des Pln 

[14] ✓ ✓ ✓  ✓    building hours + day 15 min + 1 h ✓   ✓ ✓   

[15] ✓ ✓ ✓      building days 1 h ✓  ✓  ✓   

[16] ✓ ✓       building hours - ✓   ✓ ✓   

[17] ✓ ✓ ✓      building hours + day 1 h ✓   ✓ ✓   

[18]  ✓ ✓      building year 1 h ✓ ✓    ✓  

[19] ✓ ✓ ✓      building, 
community 

hours + day 1 h ✓   ✓ ✓   

[20] ✓ ✓ ✓      building, 
community 

week 15 min ✓   ✓ ✓   

[21] ✓ ✓ ✓ ✓ ✓    building, 
community 

days + year 15 min + 1 day ✓ ✓ ✓ ✓ ✓   

[22] ✓ ✓ ✓ ✓     community day 1 h ✓   ✓ ✓   

[23] ✓ ✓ ✓ ✓     community week + year 1 h ✓   ✓ ✓   

[13] ✓ ✓ ✓      community day + year 15 min ✓   ✓ ✓ ✓  

[24] ✓ ✓   ✓    community day 15 min ✓   ✓ ✓   

[25] ✓ ✓ ✓      community week + year - ✓  ✓  ✓   

[26] ✓ ✓   ✓    community hours + day 1 h ✓   ✓ ✓   

[27] ✓ ✓ ✓     ✓ community year 1 h ✓   ✓    

[28] ✓ ✓    ✓   community day 1 h ✓   ✓ ✓   

[29] ✓ ✓   ✓    community hours + day mins + 1 hour ✓       

[30] ✓ ✓ ✓  ✓    community day 1 h ✓   ✓ ✓   

[31] ✓ ✓ ✓  ✓    community hours + day 15 min ✓   ✓ ✓   

[32] ✓ ✓       community hours 15 min ✓   ✓ ✓ ✓  

[33] ✓ ✓ ✓     ✓ community, 
city 

year 1 h ✓     ✓  

[34] ✓ ✓       community, 
city 

day 15 min ✓   ✓ ✓   



Paper 
Energy vector 

Spatial scale Time scale Time discretization 
Storage Aim 

E H C S NG H2 OC M ST LT Sim Opt Mng Des Pln 

[35] ✓ ✓ ✓  ✓ ✓   community, 
city 

day 15 min ✓   ✓ ✓   

[36] ✓ ✓      ✓ city year 1 h ✓   ✓ ✓ ✓  

[37] ✓ ✓ ✓  ✓    region day 1 h    ✓ ✓   

[38] ✓        region day 1 h ✓ ✓   ✓   

[39] ✓ ✓      ✓ nation year 1 h ✓  ✓ ✓  ✓  

[40] ✓ ✓       nation - 1 h + 1 day ✓   ✓  ✓ ✓ 

[41] ✓ ✓   ✓  ✓ ✓ nation multiple 
years 

1 h ✓ ✓  ✓   ✓ 

[42] ✓ ✓       nation multiple 
years 

1 h ✓   ✓   ✓ 

[43] ✓    ✓ ✓ ✓  nation year 1 h ✓ ✓ ✓    ✓ 

[44] ✓ ✓     ✓ ✓ nation multiple 
years 

1 h ✓  ✓ ✓    

[45] ✓ ✓ ✓     ✓ Europe week + year 1 h ✓ ✓ ✓ ✓ ✓   

[46] ✓ ✓    ✓  ✓ Europe multiple 
years 

1 h ✓ ✓  ✓ ✓  ✓ 

 

 



Table 4.  Selected tools for different spatial scales with details regarding algorithms, software and case studies.  

Spatial scale Tool Case study Algorithm details 

Building [17] Economic MPC with three time 
scales: (i) scheduling of the next 
24 h, (ii) real-time optimization of the 
next few hours and (iii) set-point 
tracking  

An IES comprising RES, 
a gas turbine, electric 
and absorption chillers, 
a fuel cell, storages 

Optimization problems 
solved in Python based 
on CasADi (IPOPT and 
BONMIN solvers) 

 [20] MILP scheduling problem for a 
week, with evaluation of the thermal 
capacity of building as storage 

1) a single building and 
2) a university campus 
in northern Italy, with 
different IES designs 

Optimization formulated 
with Pyomo and MILP 
solved with Gurobi 
solver 

Community [13] A two-level optimization: (i) 
Genetic Algorithm for determining 
demand side management actions 
and (ii) storage sizing + IES 
scheduling with LP 

A district multi-energy 
system with tens of 
buildings 

Optimization formulated 
and solved with 
MATLAB (Global 
Optimization Toolbox) 

 [21] MPC with two time scales: (i) 
yearly scheduling updated every day 
to consider long-term effects and (ii) 
real-time unit commitment updated 
every 15 min 

The IES of a hospital in 
Ferrara (Italy), including 
its district heating and 
cooling network 

Optimization formulated 
and solved with 
MATLAB (Global 
Optimization Toolbox) 

 [25] Multi-model dynamic simulation 
of the system and sensitivity analysis 
with different control strategies  

A fifth-generation district 
heating network in 
Zurich, Switzerland 

Model and simulation in 
IDA ICE  

City [36] Linear optimization model 
considering investment and dispatch 
within the electricity and heating 
sector 

City of Gothenburg, 
Sweden, with the 
addition of electric cars 
and buses 

City Energy 
Optimization Model 

Nation [40] Dispatch sector coupling model 
for optimal design minimizing energy 
system costs 

The Swiss energy 
system 

Open-source GRIMSEL-
AH model 

 [42] Balmorel energy system model 
(assuming a regime of 24 h a day, 
three days a week, seven 
representative weeks per year) 

Scandinavian countries Problem formulated in 
GAMS and solved with 
CPLEX solver (with 
great computation effort) 

 [45] Soft linking of two models: (i) 
long-term planning multi-sectorial 
model and (ii) unit commitment and 
optimal dispatch model 

The European energy 
system  

JRC-EU-TIMES and 
Dispa-SET (solved with 
MILP formulation) 

 

From this outline, it is also possible to derive research gaps that should be addressed to improve the smart 
management of future IES. Three significant drivers for further research are listed below:  

• Optimal management of IES is generally tackled with a short time horizon, whereas it should be carried 
out with more than one time scale, one of which of the order of magnitude of months (up to one year). 
In this way, the IES control systems are able to account for the effects of long-term storage, large 
distribution networks and, most of all, storage into chemicals through PTG. 

• Optimal management of IES is generally carried out at community level, by means of deterministic 
optimization algorithms that are subject to a drastic increase in computational time when the size of 
the system or the number of plants increase. Sector coupling implies indeed that all systems are 
always connected to neighboring areas. A potential solution to this issue is the decomposition of the 
problem into communicating sub-problems, each related to a spatial dimension. For this reason, 
research should focus on tools that consider more than one spatial level and can be implemented with 
similar features from buildings to wider regions. 

• Most available tools for smart management are still at low levels of market readiness, as they are 
generally demonstrated with simulations or sensitivity analysis. Despite being challenging due to 
system size, it would be relevant to bring the proposed solutions to demonstration in an operational 
environment, in order to foster their uptake and see an actual impact on real systems.  

• The use of hydrogen and other synthetic fuels produced by surplus electricity should be a determinant 
part of smart management tools, especially in the perspective of increasing the energy contribution 
from non-programmable RES.  



5. Conclusions  
Integrated Energy Systems (IES) have emerged over the last decade within the context of the energy transition 
toward a carbon-free sustainable future. They provide several advantages in terms of integration of renewable 
energy sources, system flexibility, and a cross-sectoral approach that uses synergies between various energy 
domains. However, this new framework requires smart management tools that can automatically drive an IES 
to optimal operation, overcoming system complexity and lack of expertise. This paper presented an overview 
of the available tools for the optimization and management of IES in the perspective of sector coupling. The 
focus of the analysis was to highlight the spatial dimension and time horizon for which the tools were designed. 
After a thorough review of the literature, the most relevant papers were selected, and their features were 
extracted and classified in a broad illustrative table. In addition, particularly representative tools for each spatial 
scale were further illustrated with their algorithm and case study technical details. It was possible to draw 
conclusions on the most commonly studied energy sectors and methodologies, as well as to identify gaps and 
guidelines for future improvement. In particular, the following aspects deserve further studies: i) tackling 
optimal management over multiple time scales (for considering long-term effects and real-time management 
simultaneously), ii) combining multiple spatial levels through decomposition methods, iii) including synthetic 
fuel production also at community level, and iv) promoting the demonstration of the tools in real case studies.  
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Abstract:
Local energy markets (LEMs) are a promising way to solve the challenges of the increasing extension of
decentralized energy systems and to promote the further integration of renewable energy sources. LEMs
enable costumers with distributed energy resources to trade and share their electrical energy with each other.
In the existing literature, the research focus is mostly on the development and evaluation of specific elements
of LEMs, such as bidding strategies or market designs. The paper contributes a comprehensive evaluation of
a LEM and the quantification of its benefit regarding the market-based device operation. For the evaluation in
terms of financial outcome and local energy exchange, a centralized and a decentralized operation optimization
serve as upper and lower references. In centralized optimization, the system boundary comprises the entire
neighbourhood. In decentralized optimization, each building is balanced separately. For the LEM, we introduce
a distributed market design with the involvement of an auctioneer. We focus there on the implementation of
learning bidding strategies and a double-sided auction with non-iterative market clearing rules. For all three
energy management techniques, the operating schedules of the devices are determined using mixed-integer
linear programming. In several case studies we investigate different neighbourhoods in order to evaluate the
influence of different technologies and their penetrations as well as the impact of the building stock in terms of
building type and construction year. We evaluate the market outcome with multiple key performance indicators
(KPIs) such as the supply- and demand-cover-factor, the total operation costs and the peak load. The results
show that total energy costs can be reduced by up to 6.4 %. For the energy exchange, it is shown that the
electricity surplus is up to 72 % and the electricity demand of the QUartier decreases by up to 6.8 % compared
to the decentralized optimization and increases by up to 14.3 % compared to the centralized optimization.
Further, we noted up to 46.2 % higher peak loads.

Keywords:
Local Energy Market, Evaluation, Energy Trading, Optimization Approaches

1. Introduction
For a successful energy transition, the energy supply in neighborhoods has to undergo substantial develop-
ments. Two of these developments are the increasing integration of distributed energy resources (DERs) as
well as the electrification of the heating and mobility sectors. The end-users are responsible for the purchase
of the corresponding devices. LEMs however can promote the further integration of renewable energy sources
by giving households financial incentives. Auction-based local energy markets enable the trading and the ex-
change of energy between producers and consumers within a local area and participating households can
reduce their energy costs this way.
For LEMs various market designs have already been developed. They differ with regard to the degree of
centralization and topology, which influences the market clearing as well as the decision-making processes of
operating and bidding strategies [1,2]. Market clearing rules which select the admitted participants, determine
the trading volumes and prices can be different for LEM. Further, several pricing mechanisms such as uniform
pricing or pay-as-bid can be used in electricity markets [3, 4]. Also markets auctions can be divided into
different types. These include whether the auction is open-cry or sealed-bid and whether it is one-sided
or double-sided [5]. Various bidding strategies with different computation methodologies can be applied for
placing promising bids on the market [6].
However, to fully understand the potential benefits and drawbacks of market processes there is a need of
finding appropriate evaluation methods. They help to identify the most relevant technical aspects of the market
design that increase efficiency and profitability of the electricity trading between consumers and prosumers on
LEMs.



Within this work, we propose an evaluation methodology for LEMs in which decentralized and centralized
optimization serve as worst-case and best-case references. We specify an auction-based market and a neigh-
borhood of 20 households. The building energy systems (BES) of the households contain of heat pumps
(HPs), combined heat and power plants (CHPs), thermal energy storages (TES) as well as photovoltaic (PV)
and batteries (BAT). With different scenarios we analyze the influence of the different technology shares and
the usage of a price signal for the LEM. We analyze the operation of a neighborhood regarding the energy
exchange within and with the superordinate grid, the costs and revenues as well as the the caused emissions.

1.1. Evaluation of Local Energy Markets
The concept of LEMs has gained great traction in recent years for promoting renewable energy and energy ef-
ficiency. Evaluations of LEMs are important for understanding the market dynamics like trading volumes within
a neighborhood and the resulting prices for the single households. Comprehensive and detailed evaluations
are necessary to improve market outcomes in terms of trading efficiency, price fairness and thus cost savings
for the households.
Zhou et al. [7] evaluated three different energy sharing mechanisms and two techniques for the convergence
of market trading. The used mechanisms were supply-demand-ratio, mid-market rate and bill sharing mecha-
nisms which mainly differ in terms of their iterative pricing. To achieve convergence in trading, change rates of
prices and energy volumes were limited and a learning process is involved in the prosumers decision-making
process. Three economic indexes and three technical indexes are proposed for the evaluation. The economic
KPIs measure the realized overall benefits, the individual benefit compared to trading with fixed tariffs and the
income equality within the households. With the technical KPIs the energy exchange with the superordinate
grid, the peak power and the electricity demand that is covered by local generation are measured.
Okwuibe et al. [8] analyzed the electricity trading in hierarchical LEMs for different market structures. The
market structure differs in the number of layers which result by introducing sub-LEMs that limit the number of
trading end-users. Additionally, two market clearing mechanisms which are the double-sided pay-as-bid and
the double-sided pay-as-clear are investigated. The different combinations of market structures and market
clearing mechanisms are evaluated with KPIs like cost savings through market trading, the internal and external
energy exchange, and average trade rate with varying market clearing mechanisms. Finally, the individual
savings of different consumer and prosumer types are analyzed.
Sousa et al. [9] gave a comparison of different market designs with differences in the level of centralization
and communication structure. A full peer-to-peer, a community-based, and a hybrid peer-to-peer market were
analyzed and compared in terms of welfare, total import costs and export revenues to the superordinate grid
as well as energy exchange within the market.
El-Baz et al. [10] identified the major factors influencing the market outcome and energy exchange. Several
aspects of market design, microgrid configurations and user behavior were investigated for selected scenarios.
For example the number of installed PV systems and their capacities are studied. Based on a double-sided
auction-based LEM simulation the impact on the market dynamics and energy balance are analyzed and
evaluated. For the evaluation, a reference model without a market-based operation is implemented. The four
key performance indicators self-sufficiency, self-consumption, peak load and costs were calculated.
Schiera et al. [11] simulated a LEM with two trading systems that differ in terms of the pricing mechanisms.
The pricing mechanisms and different member compositions were evaluated regarding the benefits of the
neighborhood to identify new considerations in market design. A central mixed-integer linear programming
was used as optimization model. The selected member compositions had various penetrations of PV systems
and batteries. The results were evaluated with economic and technical indicators like single and total savings,
the imported and exported energy as well as the self consumption ratio and the peak-to-average ratio.
Cramer et al. [12] compared an iterative auction-based LEM with a central optimization approach and a self-
consumption approach. By aiming to maximize social welfare, an independence indicator is determined that
relates self-consumption and traded energy to electricity demand within the neighborhood. This indicator de-
termined for different flexibility levels.

1.2. Contributions
Most papers concentrate on analyzing different market designs to evaluate specific aspects of the design like
market structure, market clearing rules or bidding strategies. However, there is a lack of publications that
provide comprehensive evaluations of LEM by comparing them with other energy management techniques for
neighborhoods. While there are many publications that provide detailed analysis of different market designs
with a bunch of KPIs, only few publications deal with LEM using other optimization approaches and these
existings ones rather offer superficial/simplified evaluations.



Furthermore, few studies still deal with the participation of flexible heat generators in LEM while most studies
focus on the participation of prosumers that have PV systems and batteries.
The main contributions of this paper to research are:

• We implement two operational optimization approaches to evaluate the performance of an auction-based
LEM in a comparative and comprehensive way. The decentralized optimization approach provides a
lower benchmark without energy trading or coordinated energy exchange. The centralized optimization
approach provides a upper benchmark with a controller having all informations.

• We implement an auction-based LEM where individual market participants perform their decision-making
processes autonomously without information about other’s trading behavior.

• We analyze the impact of the heat generators’ shares by varying the number of the corresponding de-
vices.

• We analyze the importance of approaches for shifting consumption and generation to the same times
with the exemplary application of a price signal.

• We compare different prosumer types within the neighborhood, namely prosumer with PV systems and
batteries and prosumer with CHP.

The following sections are structured as follows. In section 2., we firstly highlight the differences in modeling
and balancing of the decentralized and centralized optimization approaches and introduce the evaluated LEM.
Afterwards, we present the KPIs and the analyzed scenarios. We compare and evaluate the results on the
scenarios in section 3.. The evaluation results finally are discussed and further research needs identified in
section 4..

2. Methodology
2.1. Decentral and central optimization approaches
Decentralized optimization and centralized optimization are two different approaches to set-up optimization
problems. The key difference between these optimization approaches are the degree of coordination and the
decision-making authority. The difference in balance boundaries is shown in figure 1 by the red dashed lines.
Decentralized optimization refers to a scenario where the components or agents act autonomously and com-
municate with each other only when requested. Decentralized optimization can be more robust and efficient in
situations where communication between agents is limited or when the system is large and complex. [1]
Centralized optimization refers to a scenario where a single entity, typically a central controller, collects all
relevant information and decides based on that information to optimize the entire system. The central controller
has complete control over every entity of the system and can optimize it as a whole. A centralized optimization
model can run quickly into high complexity and scalability problems. [1]

Figure 1: Balance boundaries (red dashed lines) for decentralized optimization (left) and centralized optimiza-
tion (right)

For the optimal operation of the single BES and the entire neighborhood, we implement mixed-integer linear
programs (MILP) of the corresponding systems. The BES model consists of constraints for the minimum and
maximum power of the devices as well as for the maximum capacity of the energy storages. The state-of-
charge of the storages is inserted as time-coupling constraint. The electricity balance of the BES is given by



equation 1 in which the power of the devices is coupled for every time step t with electrity demand from and the
feed-in power into the grid. Thus, we assume that each building is connected to the local distribution network.

Pimp,t + PPV,t + PCHP,t + PBAT,dch,t = Pinj,t + PHP,t + PER,t + Pdom,t + PBAT,ch,t (1)

The objective functions of the decentral optimization approach are the minimization of the operational costs
incurred from the purchasing minus the revenues for feed-in (equation 2).

min CBES = ∆t ·
∑
t∈T

(pgas · Pgas,t + pimp · Pimp,t − pinj · Pinj,t) (2)

For the modeling of the entire neighborhood, the previously mentioned equations are extended by the electricity
purchase and the electricity feed-in of the neighborhood into the superordinate grid level at the grid connection
point (GCP) as well as the natural gas purchase (equations 3 - 5).

Pgas,t =
∑

n

Pn,gas,t (3)

PGCP,imp,t =
∑

n

Pn,imp,t (4)

PGCP,inj,t =
∑

n

Pn,inj,t (5)

For the centralized optimization approach, the objective function is the minimization of the operating costs and
additionally of the peak load. In this case, the operating costs are the purchasing costs minus feed-in revenues
at the local network station, because the system boundary includes the entire neighborhood.The peak load is
considered in the objective function through a penalty factor (equation 6).

min CNH = ∆t ·
∑
t∈T

(pgas · Pgas,t + pimp · PGCP,imp,t − pinj · PGCP,inj,t) + pen · PGCP,inj,t (6)

2.2. Local Energy Market Model
In this work, we evaluate an auction-based LEM with a hierarchical structure. This structure consists of two
levels, the market platform and the operating system, as shown in the figure 2. On the market platform,
the auctioneer performs market trading according to predefined rules. On the operating level, the building
energy management system of each household determines autonomously the operational schedules of the
corresponding devices taking into account a price signal sent by the market platform.
In the first step of the market procedure, each BES performs its operational optimization considering the price
signal in the objective function instead of the fixed tariffs. With the information of the external power demand
or the energy surplus to be fed into the power grid, the market agents create then the bids. In addition to
the amount of energy, these bids also consist of the bid price. The market agents determine the bid price
by using a Roth-Erev learning algorithm as bidding strategy. This algorithm combines two principles, namely
reinforcing propensities regarding positive outcomes and flattening the learning curve over time. By this, the
market agents consider the results of the historical market rounds as well as the success of the bids, which
is incorporated into the probability distribution for future bidding [13]. [14, 15] have shown that the Roth-Erev
learning algorithm enables the households to achieve promising economic benefits in energy trading.
In the second step, the auctioneer collects all the submitted bids of the supply side and the demand side and
sorts them in step functions according to the bid prices. The underlying auction mechanism determines the
market clearing price and the clearing quantity based on the received bids. In this work, the uniform pricing
mechanism and therefore the intersection of the sorted supply and demand step functions is used to determine
the market clearing price and the clearing quantity. [4]



Figure 2: Structure of the local energy market and data exchange during market procedures

After the market clearing, the auctioneer sends the respective market outcome back to the market agents and
the successful trades are performed. If in some market rounds there is insufficient local generation to satisfy
the demand or excess generation, a superordinate grid with constant tariffs serves as a backup. Finally, a price
signal is computed with the supply-demand-ratio mechanism and sent to the BES. This signal indicates, how
the price trend for trading is going to develop in the next market rounds. The calculation is based on the hourly
values of total supply and demand in the future time steps [7].

2.3. Key Performance Indicators
In this section, we introduce the following KPIs used to analyze the neighborhood operations of the three
approaches and to and evaluate the auction-based market trading.

• Single costs and revenues: summed costs and revenues of the individual households within the neigh-
borhood.

• Import and export energy: summed energy quantities imported from and exported to the superordinate
grid.

• DCF and SCF: two energetic indicators that are calculated based on load and feed-in profiles of the BES.
With them the coverage of the local electrical load by the local electrical generation and the share of
self-used generation within the neighborhood are calculated. [16]

• Peak load: incurred during operation measured at the neighborhood’s GCP.

• Emissions: caused by device operation in the neighborhood.

2.4. Use Case And Scenarios
To model the neighborhoods, we use our developed tool called ”districtgenerator” [17]. It generates the annual
profiles of the electrical load and heat demands of each building by using different tools. Using the TEASER
tool, envelope areas and building physics parameters are calculated based on building type, floor area and
construction year [18]. Additionally, it simulates thermal demands using a 5R1C model, while generating
annual electrical load profiles and domestic hot water profiles through stochastic methods [19–21].
The building energy systems within the neighborhood contain electricity based heat generation devices for
the heat provision. The single-family houses are equipped either with heat pumps or gas boilers, while the
multi-family houses are heated with combined heat and power plants or gas boilers. Accordingly, electricity is
also generated locally in the multi-family houses by the combined heat and power plants. Electricity generation
at the single-family houses is achieved by PV systems in selected scenarios. Thermal storage and electrical
battery storage systems are also taken into account. The technology penetrations vary across the studied
scenarios and are presented in table 1.
In this study, we size the heat generators in accordance with german standards [22] and thermal energy stor-
ages based on [23]. The PV modules have standard size of 1.65 m2. In the scenarios with PV systems, there
are 20 modules per single-family house with a south orientation and an inclination of 35◦, whereby the peak
power is 6.38 kW. Furthermore, we use the specified discharge/charge power of 3.4 kW and storage capacity
of 5 kWh, which data of commercial batteries.



Scenario Constr. year HP CHP Boiler PV BAT
16 HP 1996 80 % 20 % 0 % 0 % 0 %
8 HP 1996 40 % 20 % 40 % 0 % 0 %

0 HP / 4 CHP 1996 0 % 20 % 80 % 0 % 0 %
8 PV 1996 40 % 0 % 20 % 40 % 0 %

8 PV + BAT 1996 40 % 0 % 20 % 40 % 40 %

Table 1: Selected scenarios with the construction year and the share of devices

For the centralized and decentralized optimization approaches, the purchase electricity price is 42.0 ct/kWh,
the feed-in tariffs are 8.2 ct/kWh for PV and 19.28 ct/kWh for CHP. The cost of the gas is 13.4 ct/kWh. For
energy trading on the LEM, the purchase electricity price represents the maximum bid price and the feed-in
tariffs represent the minimum bid price. We perform the operational optimization approaches and the LEM for
a time horizon of an entire year.
For the Roth-Erev learning algorithm, we selected an experimentation parameter of 0.99 and a recency pa-
rameter of 0.08. Each scenario was pre-simulated for one year to obtain pre-learned propensities.

3. Results
3.1. Impact of the heat generator shares and the price signal
This section analyzes the summed costs and revenues of the households and the energy exchange at the GCP
for different shares of heat pumps. Figure 3 shows the corresponding results. The costs for electricity and gas
(dashed bars) as well as the revenues for electricity feed-in (lightened bars) are compared for different shares
of heat pumps. Additionally, the electricity supply and feed-in (lightened bars) to the superordinate power grid
are considered. The number of heat pumps supplying single-family homes varies, while all four multi-family
homes are supplied with CHPs.
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Figure 3: Summed costs and revenues of the households (left) and the energy exchange at the GCP (right) for
different shares of heat pumps

In all three scenarios, the summed electricity costs of the households are highest with the decentralized op-
timization approach, amounting to 34.1 kC, 49.6 kC, and 65.0 kC, respectively. In contrast, the total costs
for electricity consumption with the centralized optimization approach are the lowest, amounting to 31.2 kC,
46.6 kC, and 62.0 kC, respectively. Through electricity trading on the LEM, the total costs amount to 33.8 kC,
48.2 kC, and 63.7 kC. Compared to the decentralized optimization approach, the costs are thus reduced by
1.1 % to 2.7 %, while compared to the centralized optimization approach, the costs are 2.7 % to 7.6 % higher.
Regarding electricity feed-in, households can achieve the highest compensation through trading on the LEM.
These amount to 16.4 kC, 18.3 kC, and 20.0 kC, and are thus up to 83.0 % higher compared to both the
decentralized and centralized optimization approach. Noticeable about the results is that the gas costs are
highest with 44.8 kC, 67.0 kC and 89.4 kC for market-based operation. Thus, compared to the centralized
optimization approach, 3.8 % more gas is consumed. Compared to the decentralized optimization approach,
gas consumption is up to 10.7 % higher.
The price signal ensures that loads are shifted over time and that heat storages are loaded higher. This
increases households’ chances of benefiting from lower market prices, but also results in higher energy losses
of the heat storages. To compensate these losses, the electricity demand of the heat pumps increases on the



one hand, and on the other hand the gas consumption of the CHPs increases. Furthermore, the operation of
the heat pumps is no longer exclusively optimized for favorable outside temperatures to achieve the highest
COP, which further increases the electricity demand of the heat pumps.
Another noticeable aspect are the higher revenues for electricity feed-in with an increasing share of heat pumps
while the number of CHPs remains constant. The reason is the resulting market clearing prices of the individual
scenarios. The average market clearing price is 30.7 ct/kWh in the scenario without heat pumps, 32.8 ct/kWh
in the scenario with 8 heat pumps, and 34.2 ct/kWh in the scenario with 16 heat pumps. This increase in the
average market price can be explained, on the one hand, by the increased demand for electricity and, on the
other hand, by the learning bid strategies. With increased demand and a constant supply on the LEM, bids
with higher prices are offered by the learning bidding strategy in the long term to increase the chance of being
considered in the market clearing process.
Considering the total energy costs minus the revenues, the LEM performs better up to 1.4 % in the scenario
without heat pumps, up to 4.3 % in the scenario with 8 heat pumps, and up to 6.4 % in the scenario with 16 heat
pumps. The best result in the last scenario is mainly due to the high revenues. The highest average market
price of 34.2 ct/kWh in this scenario, explains the highest revenues, although the number of CHPs and thus the
electricity generation remains approximately the same. The high market prices are further an indication that
the sellers profit more from energy trading than the buyers, because the difference from the market prices is
on average smaller to pmax than to pmin.

CO2e [t ] Peak load [kW] SCF [%] DCF [%]

16 HP
Decentral 148 65 95 35

LEM 159 95 93 43
Central 155 63 95 36

8 HP
Decentral 210 40 81 39

LEM 222 62 77 46
Central 216 34 81 4

0 HP
Decentral 274 31 49 34

LEM 287 33 47 40
Central 280 24 50 38

Table 2: Results of caused emissions, peak load, self-cover-factor and demand-cover-factor

As shown in figure 3, the amounts of electricity fed into the superordinate grid are highest in all three scenarios
for the market-based operation. Compared to the centralized optimization approach, these amounts are 37.2 %
to 72.0 % higher, and compared to the decentralized optimization approach they are 34.4 % to 69.4 % higher.
These results can be explained by the fact that increased load shifts in market-based operation of the CHPs
lead to greater heat losses and the compensation of these losses results in increased electricity generation.
These results are also reflected in the results of the self-cover-factor as seen in table 2. With a high share of
heat pumps, the absolute difference in electricity feed-in between market-based and optimization-based oper-
ation is significantly lower. Electricity consumption is up to 6.8 % lower than in the decentralized optimization
approach in all scenarios. Compared to the centralized optimization approach, the electricity consumption of
the quarter is 14.3 % and 3.0 % higher in scenarios 1 and 2, respectively, while it is 1.6 % lower in scenario 3.
These results show that the used price signal improves local electricity consumption, which is also supported
by the demand-cover-factors in table 2.
Figure 4 exemplarily shows the course of the residual load for a cold week of scenario 2. During this period,
three peak loads can be seen for the decentralized optimization approach. These peak loads are avoided
both with the centralized optimization approach and with the market-based operation under usage of the price
signal. Nevertheless, the results of the peak loads for the entire seasonal period (table 2) show that the peak
loads are significantly higher at individual time steps. This presumably happens when the price signal triggers
opposing operational adjustments. Heat pumps collectively shift their electricity consumption to a favorable
time step, while the power generation of the CHPs is shifted away from it.
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3.2. Impact of the PV systems and batteries
The following section analyzes the impact of the electricity generation systems on the market outcomes and
electricity exchange of the neighborhood. Scenario 2, in which four CHPs provide electricity generation in the
neighborhood, scenario 6, in which six PV systems generate electricity in the neighborhood, and scenario 7,
in which BESs have battery storage in addition to PV systems, are compared. In these three scenarios, heat
is provided to six single-family homes by heat pumps.
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Figure 5: Summed costs and revenues of the households (left) and the energy exchange at the GCP (right)

Figure 5 shows the results of the summed costs and revenues of the households and the energy exchange at
the GCP. As seen in the previous section, the revenues are again higher for the scenarios with PV systems
with the market-based operation than with the optimization-based operations. While the cost of electricity and
gas is slightly lower for the PV scenarios compared to the CHP scenario, the revenues are lower.
Figure 5 further shows that the market-based operation with price signal has only a slight impact on the
electricity exchange at the GCP. This is due to the electricity demand of the heat pumps, which exists especially
in the cold periods. At these times, however, there is less solar irradiation and thus less power feed-in from the
PV systems. Consequently, the potential energy exchange and the trading volume is significantly lower.



CO2e [t ] Peak load [kW] SCF [%] DCF [%]

4 CHP
Decentral 210 40 81 39

LEM 222 62 77 46
Central 216 34 81 41

8 PV
Decentral 175 58 61 19

LEM 172 57 63 20
Central 175 47 61 19

8 PV + BAT
Decentral 174 58 53 13

LEM 172 76 65 19
Central 174 47 64 20

Table 3: Results of caused emissions, peak load, self-cover-factor and demand-cover-factor

Table 3 shows the remaining results. When comparing operating methods, again that the market-based oper-
ation with the usage of the price signal causes significantly increased peak loads. The comparison between
generation technologies shows that PV systems causes significantly less emissions, but also results in lower
local self-supply and local self-consumption compared to the scenario with CHPs.

4. Conclusions
In this study, we proposed an evaluation of a local energy market by comparing it with a decentralized and a
centralized optimization approach. An auction-based LEM with uniform pricing as market clearing process was
introduced and learning bidding strategies for the market agents were implemented. To obtain convergence in
supply and demand on the market, a price signal was sent to the building energy systems, which served as
input to the operational optimization. We examined a neighborhood with single-family and multi-family buildings
and analyzed several scenarios with different shares of heat pumps, combined heat and power plants, PV
systems and batteries.
We demonstrated that auction-based energy trading can reduce household electricity costs compared to op-
erating the decentralized optimization approach. However, we must emphasize that in the decentralized and
centralized optimization approaches, no deviating tariffs for electricity purchase and feed-in were possible.
Therefore, it should be examined whether the costs and revenues of the two optimization-based approaches
should be allocated with adjusted tariffs in the future in order to improve comparability.
For the overall cost and revenue analysis, the costs and revenues of each household were summed. In
the future, a comprehensive evaluation should also examine individual costs and revenues more detailed to
determine the fairness of the energy trading.
We have also shown that market-based operation leads to more energy inefficient operation of heat generators.
The operation of the heat pumps is no longer geared only to outdoor temperature, and the increased use of
heat storage increases heat losses in the neighborhood. Therefore, an indicator should be considered in the
future that takes the energetic losses into account.
By using the price signal, we were able to show that the energy exchange and trading compared to decentral-
ized operation can be improved. However, higher maximum peak loads indicate that at individual time steps,
load shifting from the generation and demand side can result in opposite directions. Considering that we have
used a price signal based only on supply and demand quantity, in the future parameters should include in
the calculation of the price signal, which avoid higher peak loads. In addition, to improve energy exchange
and trading for auction-based LEM, further techniques for convergence of generation and demand need to be
identified and analyzed.
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Abstract: 
Mediterranean islands have always struggled with power supply, with the high cost of electrical submarine 
cables prompting the pursuing of energy self-sufficiency with renewable energy sources (RES). Despite being 
clean and sustainable, RES are intermittent and unpredictable, hence the integration of a storage system is 
crucial to match load with production. Modern batteries are a valuable solution for short term storage, but they 
are unsuitable for long term storage for both technical and economic reasons. Green hydrogen is among the 
most promising options to enable a year-long autonomous operation, but it is still an expensive option, with 
many technical issues that still need to be addressed. One of the key factors hampering a reduction of the 
levelized cost of green hydrogen (LCOH) is the low number of working hours that an electrolyzer can exploit 
when connected to low-capacity factor RES. Starting with real production data of a wind turbine and a PV farm 
in a Mediterranean island, this study aims to assess the optimal combination of wind and solar power to 
decrease the LCOH (intended as its production cost only) and thus the cost of storage.  
The study is made of three steps. First, a comprehensive parametric optimization is carried out to determine 
the optimal combination of electrolyzer and PV field size to minimize the LCOH produced from the surplus 
power generated on the island. Secondly, an additional analysis is performed to calculate the minimum PV 
field expansion required to achieve a complete energy self-sufficiency and to estimate the resulting LCOH in 
such case. Lastly, the implementation of a fleet of hydrogen buses is proposed to both reduce the carbon 
footprint of the island transportation system, and further lower the cost of hydrogen production. 

Keywords: 
Green Hydrogen; Island; Wind; Photovoltaics; Techno-economics; LCOH. 

1. Introduction 
The focus of the present study is the estimation of the cost of producing green hydrogen on the island of Tilos, 
as a potential upgrade of the hybrid energy system (HES) currently in use. Nowadays, the system involves a 
800-kW wind turbine, a 160-kWp PV field, and a 2.88 MWh battery in proximity of two villages. These villages 
experience a peak demand of 960 kW during the summer season.  
More specifically, the objective is to assess the potential for hydrogen production using the excess power 
generated by the HES due to the mismatch between intermittent renewable energy production and demand. 
This excess power is harnessed for water splitting using an alkaline electrolyzer. 
The analysis first evaluates the energy deficit and surplus of the HES, initially considering only the RES 
production and then assessing the storage potentiality. An electrolyzer model is then used to analyze the H2 
production potential from the power excess profiles generated by different scenarios resulting from the upgrade 
of the PV field. For each simulated couple of increased PV power and electrolyzer sizes, the levelized cost of 
hydrogen (LCOH) is calculated. Next, the annual hydrogen generation is compared with a preliminary 
estimation of the amount of hydrogen required to achieve 100% self-sufficiency by reconverting it back to 
electricity using a fuel cell. The aim is to identify the configuration that produces the cheapest hydrogen in the 
case a form of seasonal storage is needed. Additionally, this study explores the possibility of using hydrogen 
excess to power a fleet of buses, which would help in the decarbonization of public transport during the summer 



season without imposing an additional strain on the electrical grid. Moreover, it is demonstrated how an 
increase in the amount of produced hydrogen could further lower the LCOH. 
This preliminary assessment aims to evaluate the green hydrogen production potential in remote islands. 
Those communities may largely benefit from a suitable mean of seasonal storage, due to their highly variable 
energy demand during the year.  
 
1.1. Tilos project 
Tilos belongs to the Greek Non-Interconnected Islands (NIIs) group, i.e., remote communities in the Aegean 
sea whose electricity requirements have been almost entirely supplied by a local generation based on outdated 
thermal power stations that rely on diesel and heavy oil [1]. Due to the high solar radiation and pretty high wind 
speeds that characterize the region, the energy production of the area could be shifted towards a more 
sustainable generation based on renewable sources. Funded by the European Horizon 2020 project, the hybrid 
energy system (HES) of Tilos was completed in 2019 and comprises of an Enercon E-53 800-kW wind turbine 
and a 160-kWp photovoltaic field. In addition, a 2.88-MWh high temperature battery was selected as the 
storage medium to manage the intermittent energy fluxes from renewable generators [2]. Today, the HES is 
owned and managed by Eunice Energy Group (EEG), which kindly provided real operational data used for the 
analyses. 
 
1.2. Green hydrogen production in islands 
As a complement to the introduction of RES, green hydrogen and power-to-gas technologies are seen as 
promising for a variety of applications for the island of Tilos and other similar communities. Due to the 
significant variation of the electrical energy demand resulting from the seasonal variation of the population, 
green hydrogen tanks could be in fact a suitable option to store the energy generated in the winter season, 
when the population is minimum. Then, H2 can be converted back to electricity during summer when tourists 
make the population triple. 
Several studies have already proven that green hydrogen can be used for seasonal storage. H2 produced by 
means of water electrolysis driven by renewable power produced by PV and wind generators can be stored in 
tanks and, when needed, reconverted into electricity via fuel cells or thermal machines. Lubello et al. [3] 
assessed the feasibility to utilize hydrogen for long-term storage in energy systems. Despite being inconvenient 
in normal scenarios, an island could be a suitable candidate for this kind of applications because of its remote 
location and thus high costs of connection with the main grid. Another viable and promising option is the export 
of clean fuels. Vilbergsson et al. [4] investigated the potential of producing green hydrogen in remote locations 
with abundant renewable resources. If electrolysis is utilized to exploit the energy surplus of those 
communities, a suitable option could also be to export the fuel towards the mainland. Even considering 
transport, authors proved that hydrogen produced in this way could have a lower environmental impact than 
yellow hydrogen produced using grid electricity in some European countries.  
The possibility of producing hydrogen in a Greek island has been previously investigated by Lykas et al. [5]. 
The authors performed a dynamic investigation and optimization of a solar-based unit for green hydrogen 
production by means of a PEM electrolyzer and found that their system can meet the variable demand of an 
island. The present work builds upon the same main concept and considers a similar location, but different 
RES generators and another, yet similar, electrolyzer technology, while additional scenarios for hydrogen use 
are introduced. One factor that may hinder the introduction of this energy vector in islands is the high production 
cost. To this end, the correct sizing of the hydrogen production plant for an optimal exploitation of all 
components is key to minimizing the expense. The levelized cost of hydrogen (LCOH) of generating hydrogen 
from a mix of solar and wind power in different locations with different capacity factors was computed by Tang 
et al. [6]. In the study, authors calculated the price difference of producing hydrogen in locations with a different 
availability of renewable sources and proved that LCOH may vary from 7.2 €/kg in low windy areas to 3.5 €/kg 
if the plant has a high availability of the renewable resource. This result reinforces the interest in investigating 
the hydrogen production potential of islands, due to their high-RES potential.  
 
1.3. Aims of the study 
This study assesses the green hydrogen production potential of the hybrid energy system (HES) of the island 
of Tilos and the resulting cost for producing it. Figure 1 represents the layout of the considered plant and 
schematizes how clean power produced by renewable generators, supported by the battery energy storage, 
satisfy the island load. In addition, the power excess is considered as the input for an alkaline electrolyzer that 
splits water molecules in oxygen and hydrogen. The hydrogen can then be utilized by users or stored in high 
pressure tanks for further applications. A first sensitivity analysis on a wide range of electrolyzer sizes and 
possible PV upgrades was used to assess which configuration can produce hydrogen in Tilos at the lowest 
cost exploiting the power production excess of the island. 



 
Figure. 1.  Tilos HES layout paired with green hydrogen production from power excess and an example of its 
possible utilization 

Then, the possibility of using such hydrogen as seasonal storage is presented, which is supposed to be 
achieved by means of a fuel cell that converts the gas back to electricity. The hydrogen production capability 
of different configurations is compared to their hydrogen demand to reach 100% self-sufficiency. The scope is 
to assess the minimum required upgrade of the PV field to reach total energy independence and to figure out 
what would be the LCOH in that case. Finally, the LCOH of the hydrogen excess produced by those systems 
is quantified and a possible exploitation of that excess is proposed. Hydrogen can indeed represent a clean 
fuel for the decarbonization of the public transport system of the island, and a reduction in the cost of the 
production excess can make it a competitive fuel with respect to current fossil alternatives.   
 

2. Materials and methods 
 
2.1. Available data 
Historical production data of the HES have been made available by EEG, the owner and manager of the 
system. These data cover eleven months of operation, from November 29th, 2020, to October 29th, 2021, and 
contain solar production and wind speed measurements sampled with a 1-minute time resolution, directly 
harvested by the energy management system (EMS). During the first phase of the work available data have 
been analyzed to produce a consistent input for the hydrogen production model and missing data have been 
filled. In addition, to carry out relevant production estimations and compare results with literature, a year of 
operation is required. To address this, PV and wind production datasets were further filled and extended as 
described in the following section. 

2.1.1 Reconstruction of missing data 

 
Figure. 2.  Time trend during the considered period operation and highlight on reconstructed data related to 
missing weeks and missing month for a) PV production, b) load, c) ambient temperature, and d) wind speed.  



PV power – Regarding the PV production dataset, a linear interpolation was first carried out to fill missing 
production for hourly periods. This simple yet effective method produced satisfying results for short time 
intervals. Production data filled using linear interpolation are represented in yellow in Figure 2 (a). The analysis 
showed that, for each quantity, the period between Feb 2nd and 8th 2021 is missing. To fill this missing spot, a 
support vector regression (SVR) was applied to find the correlation between the missing data and the value 
recorded one, two, three and four weeks before. This reconstruction is visible, in orange, in Figure 2 (a). SVR 
was also applied to reconstruct the missing month from 29th October to 29th November 2021, finding 
correlations with the previous month and two months prior. The filled month is again visible in Figure 2 (a), in 
red. 
Load and temperature - Load and temperature datasets were cleaned and filled in a similar way. The load 
dataset was cleaned by abnormal data points. Outliers too far from the moving average of the load time series 
were removed, as well as isolated missing values given by measurement errors. Then, gaps shorter than 5 
hours were again filled by a linear interpolation with satisfying results. After that, short missing periods in the 
order of days to one week were filled using again SVR trained on the autocorrelation of the series with its own 
past values. In Figure 2 (b), the resulting reconstructed periods are highlighted in green. Finally, the missing 
month was reconstructed by means of a multi-layer perceptron regression. Because of the shape of the series, 
the method was trained on the first 3 months of data. Figure 2 (b) shows the final obtained load trend. The 
temperature dataset was pre-processed, cleaned, and filled as well. Using the same methods described for 
the load dataset, missing periods were reconstructed. The whole year temperature time trend is presented in 
Figure 2 (c). 
Wind speed - The wind speed dataset was lacking the same week of February and the final month of 
November 2021. Due to the small length of the period and low autocorrelation of the wind series, it was chosen 
to copy measures from previous days to fill the gaps. In this case, an abnormal measure characterized the 
period between August 31st and September 8th, 2021, for which a constant value was reported for the wind 
speed, due to a malfunctioning of the acquisition system. Those data were rejected and substituted using the 
same procedure utilized for the missing week. Then, for the missing month, winter days were sampled from 
the dataset at random to reconstruct the missing data. Figure 2 (d) reports the wind speed related to the eleven 
months in light blue, the reconstructed missing weeks in blue, and the reconstructed missing month in dark 
blue. Finally, via the ideal power curve of the Enercon E-53 800kW wind turbine, the power production was 
estimated from the obtained wind speed data for the entire year. 
 
2.2.  Resource assessment 

 
Figure. 3.  Daily variation of average capacity factor (CF) and yearly mean value for: a) wind turbine (in blue) 
and PV field (in orange) and b) hybrid energy system composed by the previous two. 

In Figure 3, power production data have been reorganized from January to December, moving the first month 
of the original dataset to the end, in order to appreciate the seasonal variation of the two resources. Instead of 
the power production itself from each generator, the energy assessment was based on the generator capacity 
factor (CF), i.e., the ratio between the actual energy production in each time frame and the energy that the 
same generator would have produced during the same interval if working at rated power.  Figure 3 (a) shows 
the daily average CF of the wind turbine (in light blue) and PV field (in orange). The CF of the wind turbine is 
normalized with respect to its nominal power, 800 kW, while the one of the PV is normalized to its peak power 
of 160 kWp. The dark blue and dark orange flat lines represent the average CF of generators, 40.5% for the 
WT and 17.8% for the PV. This remarkably high wind capacity factor would in practice be much lower due to 
the frequent curtailments made by the grid operator to avoid instability problems [7], again proving the need 



for a suitable energy storage system. It is apparent how the capacity factor of the PV is higher during the 
summer season than in the winter season, due to the higher solar radiation and light hours. On the other hand, 
the wind turbine tends to produce slightly more during winter and spring season. In general, as expected the 
two resources show a certain degree of complementarity, and their combination may lead to steadier energy 
productions during the year. Figure 3 (b) shows in green the total CF of the system, given by the sum of power 
generated by the two resources. Its average value (36.7%) is lower than the one related to the single turbine, 
but its deviation is lower: 15.5% vs 18.8% of the WT because of the lower variation of the PV (6.1%).  

2.2.1 Power surplus and deficit during the year 
Figure 4 (a) illustrates the match between the weekly average power production (in black) and the average 
island demand (in red). As discussed, the weekly average power production shows how the synergy between 
wind and solar energy makes the power production average almost constant during the year. On the other 
hand, the island demand is characterized by a clear peak during the summer season, primarily due to the 
presence of tourists that greatly increase the population of the island and thus its energy needs. Therefore, a 
considerable power deficit of around 1046 MWh affects summer months. During the rest of the year, especially 
in the first part, the decrease in the island population creates a power excess of around 1125 MWh.  

2.2.2 Battery supported operation 
A 2.88 MWh lithium-ion battery is considered to simulate how an electrochemical storage device, close to the 
actual one installed in the island of Tilos, would shift the power profile. Because of the strong seasonal variation 
of the island load, the current storage size cannot shift the entire power excess towards the power deficit. In 
our preliminary estimation, the 2.88 MWh BESS still creates an energy deficit of 755 MWh during summer, 
and the system reaches 74.9% of self-sufficiency. In that scenario, the power excess of more than 781 MWh 
created in winter months, when the load is covered by the current RES generation and the battery is already 
full, has the potential to be converted to hydrogen for seasonal storage. Figure 4 (b) clearly shows how the 
BESS could fill the gap between surplus and deficit energy, although the daily averaged profile of the delivered 
power slightly differs from the original one. Thus, a seasonal storage device seems the perfect candidate for 
meeting this residual requirement.  

 
Figure. 4.  Match between the daily averaged power production (black line) and the island demand (red line). 
Highlight on energy surplus (orange/purple areas) and energy deficit (light blue/green areas) for a) RES 
production and b) BESS-shifted production. 
 
2.3.  Green hydrogen production 
An in-house alkaline electrolyzer model was developed by some of the authors and was already applied to 
some other case studies for the green hydrogen production from wind farms [8]. The model was based on the 
1MW commercial electrolyzer produced by McPhy, a leading alkaline electrolyzer manufacturer. Since the 
current Tilos HES has a nominal power of 960 kW, the electrolyzer stack had to be resized to meet the power 
excess magnitude of the system. Power absorbed by a cell is given by the product of its current and voltage 
(Eq. 1) and, in this case, corresponds to roughly 9.45 kW. The stack of the commercial 1MW electrolyzer is 
thus composed of roughly 106 cells connected in series. In this work, customized stacks made by the series 
connection of a variable number of cells were considered to reach various power levels between 200 kW (22 
cells) to 1.5 MW (150 cells), to match the total nominal power level of the HES composed by the wind farm 
and the PV field. 
The operating voltage of the electrolyzer varies due to the performance degradation in time and cool down 
effect when the H2 production stops. This time, the main component responsible for the thermal loss, the gas-
liquid separator, is scaled according to the considered number of cells to maintain the proper mass flow rate 
of hydrogen. At each timestep, the conversion factor of the stack is updated according to Eq. 1. 
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To analyze the H2 exploitation, a fuel cell with a fixed conversion efficiency was considered for the conversion 
of gas back to electricity. According to IRENA [9], the efficiency of this technology typically ranges between 50 
to 68%, thus an average value of 60% was considered for this analysis.  
 
2.5.  LCOH 
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The levelized cost of hydrogen (LCOH) was selected as the main techno-economic metric for comparing 
different plant layouts. It represents the cost of producing a unit of hydrogen over a selected period of time (20 
years in this case) by means of a certain configuration. The LCOH can be computed, according to Eq. 2, as 
the ratio between the actualized sum of capital (CAPEX) and operating (OPEX) costs and the actualized 
hydrogen yield of the plant (Hprod), considering in this case a discount rate i of 6%. 
Capital costs (CAPEX) consider the investment cost for the electrolyzer. According to IRENA [9], a 1MW 
electrolyzer stack has a specific cost of 270 €/kW and accounts for 45% of the total price of the device. 
Consequently, the electrolyzer price cost was scaled when smaller or bigger stacks were considered, while 
the balance of plant (BOP) cost was kept constant. CAPEX also includes the substitution costs that must be 
faced when a part or a whole component must be substituted. The electrolyzer stack has an expected lifetime 
of 10 years, thus a replacement is expected halfway the plant life.     
Operational costs (OPEX) consider instead the necessary maintenance to keep the electrolysis in proper 
operating conditions, in this case assumed equal to 2.75% of its initial investment. OPEX also accounts for the 
cost of energy generated by the wind turbine and the PV panels. Since generators first aim to feed the load of 
the island, only the cost of the consumed energy by the electrolyzer is considered here for the preliminary 
LCOH calculation, and it was assumed equal to the LCOE of RES. According to IRENA [10], the LCOE was 
33 €/MWh for offshore wind and 48 €/MWh for PV in 2021. For this study, because of the energy mix of Tilos 
HES, such cost was considered equal to 40 €/MWh. Because of the uncertainty and variability of this cost, the 
present analysis assumed a constant LCOE even when the PV share in the energy mix increases.  
Storage, distribution, and utilization costs of the hydrogen have been excluded from the calculation since the 
scope of the current work is to evaluate the theoretical production cost of H2 in the island. Possible utilizations 
of the gas presented in section 3 are studied mainly to assess the required H2 annual yield, functional to 
correctly estimate the size of components and key for the LCOH calculation. 

3. Results 
This section presents the main results related to the hydrogen production potential of several configurations 
involving different sizes of the photovoltaic field and electrolyzer power levels, assessed by means of the 
previously described framework. Electrolyzers are fed by the excess power of the HES, after that the wind 
turbine and the augmented PV field have satisfied the load of the island with BESS support. For each of those 
configurations, a year of operation was simulated and, together with the amount of hydrogen that each of those 
can provide, the LCOH and the annual yield were assessed to compare their performance. 
 
3.1. LEVELIZED COST OF HYDROGEN 
To provide a general overview of the optimal combination of PV and electrolyzer power to reach the minimum 
LCOH on the island of Tilos, Figure 5 displays the LCOH for every computed combination of electrolyzer power 
ranging between 200 and 1400 kW fed by PV power ranging between 0 and 1600 kW, in addition to the fixed 
800-kW wind turbine. Inefficient combinations of high PV power and small electrolyzer modules, as well as low 
PV powers and high electrolyzer power combinations, can be observed in yellow areas. As previously 
mentioned, it is essential to maintain a right balance between the two to correctly exploit the system.  
The area in which combinations lead to the cheapest green hydrogen is characterized by intermediate 
electrolyzer sizes, between 400 and 800 kW, paired with high PV powers (dark blue region). Overall, increasing 
the PV size makes the energy surplus high enough to enhance the electrolyzer exploitation and recover the 
initial investment cost. To optimally utilize the energy surplus of current Tilos HES, a 475-kW electrolyzer 
should be installed. The analysis shows that a kilogram of hydrogen produced in that way would cost 6.46 €. 
If the upgrade of the PV field peak capacity is allowed so as to reach the nominal power of the wind turbine of 
800 kW, a 520-kW electrolyzer would bring down the price to 5.04 €/kg.  



 
Figure. 5.  Colormap showing the levelized cost of hydrogen (LCOH) for each considered combination of 
electrolyzer and PV power. High LCOH in yellow and low LCOH in dark blue.  

It is worth mentioning that the lowest price achieved by the simulation is 4.38 €/kg and given by the combination 
of a 615-kW electrolyzer with 1600-kWp PV field. However, such a high installed capacity cannot be easily 
installed in the island. Depending on the hydrogen production requirements that could arise if green gas must 
be utilized for seasonal storage or other applications, a higher production cost may be acceptable to increase 
the annual yield. To put those numbers in perspective, the next subsections consider possible uses of green 
hydrogen. 
 
3.2. HYDROGEN AS SEASONAL STORAGE 
This section presents the results of a scenario in which green hydrogen is used as seasonal storage. Hydrogen 
generated during winter is converted back to electricity during summer to reach 100% energy independence. 
Figure 6 (a) displays the mass of hydrogen required to reach 100% self-sufficiency (in light blue), varying the 
installed PV power. Increasing the installed PV capacity generates more renewable power in the summer 
season, when the demand peaks, leading to an increase of self-consumption. As a result, the required 
hydrogen curve shows a decreasing trend. The same figure also shows the hydrogen amount that electrolyzers 
of different sizes (ranging between 0.5 to 1 MW) can produce by exploiting the power excess of the system, 
always varying the PV capacity. 

 
Figure. 6.  a) Hydrogen mass required to reach 100 % self-sufficiency (light blue curve) and H2 production 
capability from different electrolyzer power varying the PV installed power (line in different colors); b) 
magnitude (continuous lines) and LCOH (dashed lines) of the hydrogen excess.  

With the current HES of Tilos, 37.8 tons of hydrogen would be required to satisfy the energy deficit in summer. 
However, only 13.6 tons of H2 can be produced by exploiting the production surplus in winter. This means that, 
even if hydrogen is employed as a seasonal storage, the system could reach a maximum self-consumption 
rate of 82.6%, hence requiring a PV field upgrade for full energy independence. The intersection points 



between the hydrogen demand and the hydrogen production curves occur at a PV power between 650 and 
750 kWp. This is the bare minimum PV power to both increase the self-consumption of the system (up to 
around 87% without H2 reconversion) and produce enough hydrogen for the seasonal storage. 
After having assessed the required PV upgrade to reach self-sufficiency, Figure 6 (b) focuses on PV capacities 
ranging from this value up to 900 kWp, slightly higher than the nominal capacity of the wind turbine. In Figure 
6 (b), continuous lines show the hydrogen excess that would be produced if the PV capacity is increased, while 
dashed lines show the resulting costs of hydrogen. Upon examination of the results, an 800-kW electrolyzer is 
required to achieve total self-sufficiency with the smallest possible PV upgrade. The purple line shows that, 
coupled with a 675-kWp PV field, this configuration reaches energy independence with an LCOH of 5.66 €/kg. 
On the other hand, the green line shows that the configuration that allows reaching 100% self-sufficiency with 
a lower hydrogen cost (5.11 €/kg) only requires an additional PV upgrade to 750 kWp, since it better exploits 
a 500kW-only electrolyzer. Dashed lines in Figure 6(b) also show that the increase of the PV power allows for 
a reduction of the hydrogen cost for all considered electrolyzer levels in addition to the benefit of producing 
additional hydrogen for other purposes. If the PV power is increased up to 900 kW, a 600-kW electrolyzer can 
produce almost 6 tons of extra hydrogen at a competitive price of 4.92 €/kg. In the following section, one 
example of possible use of this extra-production is proposed in the context of a new fleet of buses for a carbon 
neutral public transport for the island. It is worth remembering that the aim behind the following analysis is to 
estimate what could be done with extra H2 that, if correctly justified, may bring to a further reduction in the 
LCOH.  
 
3.2. HYDROGEN FOR TRANSPORTS 
Even today, locally produced green hydrogen may be a cost-competitive fuel in remote islands. Focus of the 
following calculation is only put on the potential fuel cost, thus excluding the cost of substitution of the current 
transport fleet, which will represent the topic for future analyses. To calculate the number of hydrogen-fed 
buses that can be used during the summer season, the existing Solbus was taken as a reference. This bus, 
with a capacity of 63 passengers, is able of driving 16.39 km on 1 kg of hydrogen [11]. A 7% energy loss was 
assumed when compressing the hydrogen from 30 to 350 bar, which is the required pressure in the storage 
tank of the bus. This loss was based on the needed compressor power of a multistage compressor [12]. It is 
estimated that a bus can drive the whole route on the island 7 times per day. The route was based on the 
actual bus stops on Tilos. When the bus is only used in the summer season (corresponding to approximately 
90 days) the total amount of kilometers driven per year, and thus the required kilograms of hydrogen per year, 
can be calculated. Figure 7 shows that the number of buses that can drive on the island increases from 0 with 
a PV power of 700 kW, to 3 or 7 (depending on the electrolyzer size) with a PV power of 900 kW.  

 
Figure. 7.  Number of hydrogen buses that can be powered by the hydrogen surplus coming from different 
electrolyzer sizes paired with an increasing PV installed power.  

Currently, most buses worldwide (including the Greek bus company KTEL) use diesel as a fuel. Assuming a 
consumption of 24 liters diesel per 100 km [13] would already make the hydrogen competitive with diesel with 
an average diesel price of €1.81 per liter in Greece [14]. The diesel prices do, however, vary across Greece. 
On a remote island the price for one liter of diesel is higher than on the mainland. This difference can partially 
be explained by the extra transportation costs from the Greek mainland to the island. On average petrol prices 



are 3-4 cents higher on islands compared to the mainland, or even more for particularly remote islands. The 
prices for fuel and electricity should probably be higher, but the costs are subsidized and shared by all mainland 
consumers through a levy on electricity bills [15][16][17]. When hydrogen is produced locally, no transportation 
costs are required. A rough estimation shows that the cost for hydrogen with an LCOH of 6 €/kg will be around 
€ 37 per 100 kilometers versus € 43.20 for diesel with a cost of € 1.80 per liter. Another advantage of hydrogen 
over diesel is the fact that a hydrogen bus emits no carbon dioxide or other air pollutant during operation. 
Different studies show that diesel buses emit over 1.5 kg CO2 per kilometer, which would result in 26.5 tons 
emission when running 90 days on Tilos. This does not include the transportation from the refinery to the fuel 
station which might be responsible for an even bigger share of emission [18][19]. 
Another option to decrease pollution would be to electrify the buses. Hydrogen has however the advantage 
over electricity that it is produced in winter when there is an electricity surplus. Using electricity would mean 
that the consumption peak in summer will increase even more. Furthermore, a hydrogen bus does not need 
to refuel during a day while an electric bus might have to recharge. 
 

4. Discussion and conclusions 
The high capacity factors of both the wind turbine and PV field demonstrate the abundance of renewable 
resources on the island of Tilos. This significantly impacts the competitive LCOH results and highlights the 
areas’ clear potential for H2 production.  
The resulting LCOH was calculated for different scenarios considering both the current system and foreseeable 
upgrades that could lead to 100% self-sustained operation, and to the decarbonization of the public transport 
fleet. Table 1 summarizes results of the most remarkable configurations analyzed in the present study.  

 
Table 1.  Results from most significant plant configurations: 1) current Tilos’ HES, 2) smallest PV upgrade for 
100% self-sufficiency, 3) smallest electrolyzer for 100% self-sufficiency, 4) PV upgrade for LCOH abatement 
and H2 excess for buses and 5) global lowest LCOH. 

Config 
n° 

PV power 
[kWp] 

El. Power 
[kW] 

LCOH 
[€/kg] 

H2 request 
[t/y] 

H2 prod.  
[t/y] 

Self-suff. 
[%] 

H2 excess 
[t/y] 

1 160 475 6.46 37.8 12.7 82 - 
2 675 800 5.66 20.3 20.3 100 - 
3 750 500 5.11 19.1 19.1 100 - 
4 900 600 4.92 16.5 22.5 100 6 
5 1600 615 4.38 12.7 28.5 100 15.8 

 
Tilos’ HES is equipped with an 800-kW wind turbine and a small 160-kW PV field (Configuration 1). The 
seasonal variation of the local demand creates a considerable energy deficit during summer, the tourist 
season. Considering a fuel cell with a conversion efficiency of 60%, it was estimated that more than 37.8 tons 
of hydrogen are required to achieve 100% self-sufficiency. However, results have shown that an alkaline 
electrolyzer fed by the power excess of the current HES is able to produce only 12.7 tons of H2. It is thus 
evident that there is a need of upgrading the PV field to achieve energy independence. The analysis pointed 
out that a minimum installed PV power of 675 kWp (Configuration 2) is required to produce the same amount 
of hydrogen that the island needs. To generate enough hydrogen with this power capacity, an oversized stack 
of 800 kW must be installed, but this results in a LCOH higher than 5.66 €/kg. 
To size the stack correctly, one must consider an additional upgrade of the PV field to 750 kWp (Configuration 
3). When paired with a 500-kW electrolyzer, this system achieves 100% self-sufficiency at an LCOH of 5.11 
€/kg. Configuration 4 moreover shows that, if it is possible to expand the photovoltaic generator further, excess 
hydrogen production means a better utilization of the installed electrolyzer and a further reduce the LCOH. A 
900-kWp PV field paired with a 600-kW electrolyzer would produce an additional 6 tons of hydrogen at a 
competitive price of 4.92 €/kg. Without strict limitations on the photovoltaic field expansion, Configuration 5 
shows that a high capacity PV field (1600 kWp) could optimally utilize a 615-kW stack and achieve an LCOH 
of 4.38 €/kg. Results thus show that scaling up components is a suitable strategy to lower the LCOH.  
Hydrogen buses have been proposed as a possible use for the excess of hydrogen. Such a fleet could 
decarbonize the public transport during the touristic season without the introduction of an additional burden to 
the electric grid, as an electric bus fleet would do. Since their introduction would justify an increase in the 
hydrogen yield, this technology could contribute to a further decrease of the LCOH. Further developments of 
the study could include a better assessment of the energy required for hydrogen compression, as well as an 
estimation of the footprint of the required PV expansion and hydrogen tanks. Furthermore, a variable efficiency 
fuel cell model, similar to the one employed for the electrolyzer, would produce more accurate results regarding 
the actual electrical energy coming from the gas-to-power conversion. 
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Nomenclature 
 𝐶𝐴𝑃𝐸𝑋 capital expenditures 
 𝐶𝐹 capacity factor 
 𝐿𝐶𝑂𝐻 levelized cost of hydrogen, €/kg 
 𝑀 mass, kg 

 𝑃 power 
 𝑃𝑉  photovoltaics 
 𝑊𝑇 wind turbine 
 𝑂𝑃𝐸𝑋 operational expenditures 
Greek symbols 
 𝜂 efficiency 
 𝜑 conversion factor, kg/kWh 
Subscripts and superscripts 
 𝑎 air 
 𝑒𝑙 electrolyzer 
𝑖𝑑  ideal 
 𝑜𝑝 operational 
 𝑃𝑉 photovoltaics 
 𝑊𝑇 wind turbine 
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Abstract: 

Energy communities could benefit from an optimal match between total energy generation and demand, 
resulting in economic gains. A main issue is the distribution of the optimal economic gain of an energy 
community among its members. Several works apply a single criterion of cost/profit allocation within an energy 
community, neglecting the impact of different criteria on different members. This paper aims at evaluating and 
comparing two different cost/profit allocation mechanisms, i.e., the cooperative “Shapley value”, based on the 
marginal contributions of members to any coalition within the energy community, and the “Uniform pricing”, 
which relies on a uniform price that is independent of the cooperation among members. According to the Italian 
legislation, a centralized Renewable Energy Community with virtual energy sharing scheme is analysed. The 
community encompasses one consumer and two prosumers with shiftable electrical demands that are 
representative of the tertiary, residential and commercial sectors, and prosumers own photovoltaic plants 
with/without the electrical storage system. A cooperative model of this energy community is presented, and 
the daily operational profit is maximized by a Mixed-Integer Non-Linear Programming optimization. 
Subsequently, the mechanisms of Shapley value and Uniform pricing are applied to allocate the optimal profit 
of the energy community. Uniform pricing leads to daily profits of 1.95€, 0.69€ and 5.71€ for the tertiary, 
residential and commercial members, respectively. Conversely, results of the Shapley value are fairer towards 
prosumers, allocating daily profits of 9.57€ and 3.81€ to the residential and commercial prosumers, and a daily 
cost of 5.03€ to the tertiary consumer. 

Keywords: 

Renewable Energy Community; Profit allocation; Cooperative game; Shapley mechanism; Fairness. 

1. Introduction 
Renewable energy communities (RECs), defined by the recast of the Renewable Energy Directive (RED II) 
[1], represent a regulatory tool to foster the distributed generation and consumption driven by renewable 
sources. RECs can help achieve the energetic and environmental targets indicated by the “Fit for 55” document 
of the European Commission [2] (i.e., renewables share of 40%, increase of energy efficiency by 36% in the 
final energy consumption and emissions reduction by at least 55% compared to the levels of 1990), beyond 
leading several economic and social benefits to the European citizens. In the Italian context, the regulation 
about the technical management of RECs has been recently updated by GSE [3], the Italian Energy Services 
Operator, while the economic incentives have been defined by ARERA [4], the Italian Regulation Agency for 
Environment, Network and Energy. In such a context, this paper focuses on the economic benefits associated 
with the configuration of the Italian REC and of its participants. The current and emerging literature on energy 
communities is very broad and, for this reason, the literature review in this paper summarizes the main recent 
works in the following identified fields. 

Some works in the literature dealt with business models, policies and modelling techniques that can foster the 
development of Energy Communities (ECs) [5-7]. Lowitzsch et al. [5] presented a holistic analysis of the 
already existing and still untapped business models for ECs, identifying different structure and design options 
(e.g., application technology, cooperating partners, geographical location, types of investors and ownerships 
etc.). Ceglia et al. [6] assessed the energy, environmental and economic performances of an Italian REC, 
highlighting its higher electricity self-consumption (till 56%) with respect to other energy-sharing models, e.g., 
the “System of Efficient Users” (till 12% of electricity self-consumption) that is based on directives released 
before 2018. Gerundo et al. [7] proposed a methodology to identify potential geographical areas that are 



suitable for the development of RECs, while taking into account the constraints of installation for the generation 
technologies and social benefits as the reduction of the energy poverty. 

Other works focused on the optimization of the design and operation of the generation and storage 
technologies within ECs [8-10]. Cutore et al. [8] conducted a design and operation optimization of a residential 
REC in Italy to maximize the net-present value (including investment and operational costs) and, then, 
calculated different indexes to analyse its energetic, environmental and social performances. The centralized 
configuration of the REC results more profitable compared to the distributed one, because the former exploits 
only virtual energy sharing that is more incentivized (in the Italian context) compared to physical self-
consumption (the distributed configuration can exploit both virtual energy sharing and physical self-
consumption). Chang et al. [9] proposed a methodology, based on K-means clustering, to allocate different 
options of community energy storage among households of an EC, the operational cost of which is minimized 
by a Mixed-Integer Linear Programming (MILP) optimization. Lazzari et al. [10] developed an optimization 
framework for the planning and operation of RECs with the aim of increasing their energy sharing. The 
optimization outcomes, validated with real data of consumption profiles of households in Barcelona, show that 
a REC with 7 residential users could achieve a self-consumption of 100% and a relevant amount of avoided 
CO2 emissions till 7 kg/day. 

Another relevant issue to be addressed is the distribution of economic benefits (costs or profits) within an EC 
[11-14]. Casalicchio et al. [11] allocated the total cost saving of a residential EC by applying the Vickrey-Clarke-
Groves mechanism that evaluates the contribution of each member to the cost saving of the whole community. 
This approach is compared to other business allocation criteria by introducing a fairness index that represents 
the number of members without an economic gain within the community. Zheng et al. [12] analysed the impacts 
of demand side flexibility and of a Peer-to-Peer (P2P) energy sharing mechanism within an EC, made of 
commercial prosumers, finding that the P2P strategy could minimize the operational cost by 24.6% compared 
to a Peer-to-Grid (P2G) operation where each member exchanges energy with the electric grid only. The profit 
of the EC is distributed among members by the P2P mechanism, which relies on the definition of internal 
trading prices that depend on the supply-demand ratio of the community. Zatti et al. [13] optimized the 
capacities of different generation and storage units within an Italian EC comprised of commercial and 
residential users. The “Shapley value” mechanism, based on a cooperative game theory approach, is applied 
to allocate the total benefit of the community by quantifying the contributions of members to the economic 
revenue of any coalition within the community. Siqin et al. [15] formulated a distributionally-robust optimization 
for the dispatching of a multi-EC system. An improved Shapley value approach was proposed to allocate higher 
profits to the participants with higher solar PV consumption. Notice that, in the previous papers, a single 
cost/profit allocation mechanism (e.g., Shapley value) was applied, neglecting the potential results with other 
allocation criteria. 

Vespermann et al. [16] explored different cooperative allocation mechanisms for an EC, including the Shapley 
value, and analysed their properties of efficiency, individual rationality and stability. Cremers et al. [14] 
reviewed different applications of the Shapley value for ECs, proposing also a new method (called “Stratified 
expected value”) to approximate the calculation of the Shapley value in the case of communities of up to 200 
prosumers. The authors highlighted the need to further investigate different allocation criteria, other than 
Shapley, to assess the fairness of the cost/profit distribution within ECs. Li and Okur [17] conducted an 
operation optimization of an EC and applied Uniform pricing (also called “flat energy pricing method”), time-of-
use energy pricing and segmented energy pricing as cost allocation criteria. However, the authors neglected 
the possible cooperation between the members of the EC and, thus, cooperative allocation mechanisms as 
the Shapley value were not applied. It is worth highlighting that the above works did not apply both cooperative 
allocation mechanisms (e.g., Shapley value) and other mechanisms not derived from cooperative game theory. 

In the above literature, works dealing with the allocation of economic costs/profits within an EC i) apply one 
single criterion, without assessing the impact of different allocation mechanisms on the benefits of EC 
members, and/or ii) do not compare cooperative allocation mechanisms (e.g., Shapley value) with other 
mechanisms not based on cooperative game theory (e.g., Uniform pricing). To the best of authors’ knowledge, 
the application of different allocation criteria for the economic benefit of a REC, according to the Italian 
framework, represents a first gap in the literature. Moreover, as highlighted in [14], the literature lacks of more 
in-depth discussions about the fairness of the cost/profit distribution within ECs and, in particular, within RECs. 
This paper fills in these gaps, and the objective is to present and evaluate two different allocation mechanisms 
in the context of a REC, i.e., the cooperative “Shapley value” [18] and the “Uniform pricing” criteria [19], with a 
subsequent insight of the fairness of allocation.  

First, a REC with a centralized configuration and a virtual energy sharing scheme, according to the Italian 
framework, is modelled and its operation is optimized (i.e., the flexible demands of members and the operation 
of the electrical energy storage system) based on a Mixed-Integer Non-Linear Programming (MINLP) 
formulation. Subsequently, this work applies the cooperative mechanism Shapley value and the Uniform 
pricing mechanism to distribute the economic benefits among the members, with the aim of evaluating the 
differences between these two criteria.  



This paper contributes to the current literature with the following novel points: 

• Application and comparison of two different allocation criteria, i.e., the cooperative Shapley value and 
the Uniform pricing, to distribute the total economic profit of an Italian REC among its members; 

• Evaluation of how fair is the distribution of economic benefits, based on the Shapley value and the 
Uniform pricing, within the analysed REC. 

The paper is structured as follows. Section 2 describes the Shapley value and Uniform pricing mechanisms. 
Section 3 reports the mathematical model of the REC, according to the Italian legislation, and the input data 
for the MINLP optimization. Section 4 discusses the results of the MINLP optimization and subsequent 
application of Shapley value and Uniform pricing. Conclusions summarize general guidelines retrieved from 
this work. 

2. Materials and method  
This Section describes the two cost/profit allocation mechanisms considered in this work, i.e., the cooperative 
Shapley value (Section 2.1) and the Uniform pricing (Section 2.2). As reported by Berka and Creamer [20] and 
Gjorgievski et al. [21], the cost/profit allocation within an Energy Community (EC) is an important aspect that 
is still not exhaustively addressed in the literature. Different allocation mechanisms of the costs/profits of ECs 
are available in the literature, and they usually refer to approaches from the cooperative game theory or to 
approaches that define prices for the EC members in relation to their profiles of energy demand [17].  

2.1. Shapley value 

Game theory is a large field that encompasses techniques to model a group of interacting players [22] under 
a cooperative or non-cooperative framework. Cooperative games assume that cooperation exists among the 
players, for example the members of an EC, thus leading to a “grand coalition” of members (e.g., the energy 
community), with the aim of achieving a common objective (e.g., minimization of the total cost of the EC, 
improvement of the total renewable self-consumption or self-sufficiency, etc.). On the contrary, the game is 
non-cooperative when the players pursue independent and, sometimes, conflicting objectives, thus leading to 
a Nash equilibrium solution. However, this work assumes that the members of an EC can cooperate and, 
therefore, the focus here is on cooperative games. A cooperative game is defined by a pair (N,v), where N 
refers to the number of players participating into the game, and forming the “grand coalition”, while v(S) is the 
“value” function of any possible coalition S of players within the grand coalition [23]. The “value” function of a 
coalition S is a mathematical function that takes real values: 

𝑣(𝑆): 2𝑁 → 𝑅 (1) 

where 2𝑁 represents the set of all coalitions within the grand coalition, included the grand coalition itself and 
the empty coalition (i.e., the coalition without players). The “value” function represents the “value” in forming 
the coalition S, e.g., the total cost/profit associated with players cooperating in the coalition S. In the framework 
of ECs, notice that the value of the grand coalition corresponds to the total cost/profit of an EC, while the value 
of the empty coalition is zero. To clarify, consider an EC with three members (players 1,2,3) that cooperate to 
minimize the total operational cost. The value of the coalition {1,2}, given by the players 1 and 2, is the total 
cost of the cooperation between these members, thus neglecting player 3.  
This work adopts the Shapley value as cooperative allocation mechanism because it can lead to a fair 
distribution of economic gains in a cooperative game. Indeed, this approach allows to allocate higher gains 
(e.g., higher profits or lower costs) to players that contribute the most to the “value” of all coalitions they could 
take part in within the grand coalition. According to the Shapley value, the gain, or payoff 𝑥𝑖, allocated to 
member i is calculated as follows: 
 

𝑥𝑖 = ∑
(|𝑆| − 1)! (𝑁 − |𝑆|)!

𝑁!
𝑆⊆𝑁,𝑖∈𝑆

(𝑣(𝑆) − 𝑣(𝑆 ∖ {𝑖})) 
(2) 

where |𝑆| refers to the size of the coalition S and (𝑣(𝑆) − 𝑣(𝑆 ∖ {𝑖})) is the contribution of member i to the value 

𝑣(𝑆) of coalition S. Hence, the Shapley value assigns to each player a payoff that represents his weighted 
average marginal contribution to the value of any coalition, within the grand coalition, he could take part in. 

However, the main drawback of the Shapley value, which requires to consider 2𝑁  coalitions, is the 
computational complexity arising with a high number of players N. In the following, a basic example of the 
Shapley calculation is provided. Let us consider a grand coalition with three players, assuming the values of 

the 8 (2𝑁) possible coalitions, where each of these values could be derived by solving a specific cooperative 
optimization problem with the players involved. Table 1 reports the coalitions analysed and their corresponding 
assumed “values”, where {} represents the empty coalition. 

Table 1. Example of a grand coalition with three players, with the “values” of all coalitions. 

Coalition {} {1} {2} {3} {1,2} {1,3} {2,3} {1,2,3} 

Value [€] 0 0 2 3 3 5 6 12 



 
Eq. (2) is applied to compute the Shapley payoff for each of the three players. Player 1 appears in coalitions 
{1}, {1,2}, {1,3} and {1,2,3} and, therefore, its payoff considers its weighted average marginal contribution to 
the values of these four coalitions: 
 

𝑥1 =
(1 − 1)! (3 − 1)!

3!
(𝑣({1}) − 𝑣({})) +

(2 − 1)! (3 − 2)!

3!
(𝑣({1,2}) − 𝑣({2}))

+
(2 − 1)! (3 − 2)!

3!
(𝑣({1,3}) − 𝑣({3})) +

(3 − 1)! (3 − 3)!

3!
(𝑣({1,2,3}) − 𝑣({2,3}))

=
1

3
(0) +

1

6
(3 − 2) +

1

6
(5 − 3) +

1

3
(12 − 6) =

15

6
 

 
Player 2 can participate in coalitions {2}, {1,2}, {2,3} and {1,2,3}, and its payoff is: 
 

𝑥2 =
(1 − 1)! (3 − 1)!

3!
(𝑣({2}) − 𝑣({})) +

(2 − 1)! (3 − 2)!

3!
(𝑣({1,2}) − 𝑣({1}))

+
(2 − 1)! (3 − 2)!

3!
(𝑣({2,3}) − 𝑣({3})) +

(3 − 1)! (3 − 3)!

3!
(𝑣({1,2,3}) − 𝑣({1,3}))

=
1

3
(2) +

1

6
(3 − 0) +

1

6
(6 − 3) +

1

3
(12 − 5) = 4 

 
Player 3 can participate in coalitions {3}, {1,3}, {2,3} and {1,2,3}, and its payoff is: 
 

𝑥3 =
(1 − 1)! (3 − 1)!

3!
(𝑣({3}) − 𝑣({})) +

(2 − 1)! (3 − 2)!

3!
(𝑣({1,3}) − 𝑣({1}))

+
(2 − 1)! (3 − 2)!

3!
(𝑣({2,3}) − 𝑣({2})) +

(3 − 1)! (3 − 3)!

3!
(𝑣({1,2,3}) − 𝑣({1,2}))

=
1

3
(3) +

1

6
(5 − 0) +

1

6
(6 − 2) +

1

3
(12 − 3) =

11

2
 

 
According to cooperative game theory, this payoff allocation is defined as an “imputation” because it 
guarantees simultaneously the properties of “efficiency” and “individual rationality”. The property of efficiency 
ensures that the “value” of the grand coalition is allocated to all players, while the property of individual 
rationality means that each player benefits from participating into the grand coalition compared to operating as 
an independent player. In the example above, efficiency is ensured since the sum of payoffs is equal to the 
“value” of the grand coalition (i.e., 12 €). Moreover, the payoff allocation satisfies the property of individual 
rationality because the payoff allocated to each player is higher than the “value” of the coalition including only 
that player (e.g., for player 2, the payoff in the grand coalition is 4 € while its value v({2}), as an independent 
player, is 2 €).  

2.2. Uniform pricing 

Time-of-use energy pricing, segmented energy pricing and Uniform pricing (also called “flat energy pricing 
method”) are cost/profit allocation mechanisms, reported by Li et al. [19] and Li and Okur [17], that do not 
consider the cooperation among EC members. These mechanisms allow to allocate the economic benefits of 
the EC by defining different prices in relation to the individual energy demands. Time-of-use energy pricing 
sets high prices in peak hours (i.e., when peak demand occurs) and low prices in off-peak hours (i.e., when 
low demand occurs), thus promoting load shifting of the energy demands from peak to off-peak hours. 
Segmented energy pricing establishes a threshold of the energy demand, under which a low price is charged, 
while a high price is charged above this threshold. Uniform pricing is based on a unique price calculated as 
the ratio between the total cost (or profit) and the total demand of the EC: 

𝑐𝑢 =
𝑇𝐶

∑ ∑ 𝐸𝑖,𝑡
𝑇
𝑡=1

𝑛
𝑖=1

 (3) 

where 𝑇𝐶 is the total cost (or profit) of the EC and 𝐸𝑖,𝑡 is the hourly energy demand of member i. Uniform pricing 

mechanism is simple to be implemented and well accepted by network regulators [24].  

3. Case study  
The Renewable Energy Community (REC) under analysis comprises of three members, one consumer of the 
tertiary sector and two prosumers that are representative of the residential and commercial sectors. It is 
assumed that the residential prosumer owns only a Photovoltaic plant (PV), whereas the commercial prosumer 
owns a PV plant and a battery as electrical storage system. Section 3.1 reports the main equations and 
constraints associated with the Mixed-Integer Non-Linear Programming (MINLP) optimization model of the 
Italian REC, developed from a previous work of the authors [25]. Section 3.2 lists the input data of the model.  



3.1. Mathematical model of the Renewable Energy Community 

The operation of the PV plant of a member i is described by Eq. (4): 

 𝑃𝑖,𝑡
𝑃𝑉 = 𝜂𝑃𝑉 ∙ 𝐴𝑖

𝑃𝑉 ∙ 𝐼𝑡
𝑃𝑉   (4) 

where 𝑃𝑖,𝑡
𝑃𝑉[kW] is the power generated by the PV plant in time step t, 𝜂𝑃𝑉 [-] is the average efficiency of the PV 

plant, 𝐴𝑖
𝑃𝑉 [𝑚2] is the available PV area and 𝐼𝑡

𝑃𝑉 [kW/m2] is the global solar irradiance (on a tilted surface) in 

time step t. In the following, energy and power variables have, respectively, [kWh] and [kW] as units of 
measurements. 

The operation of the battery of a member i is given by the following equations and constraints: 

 

𝐸𝑖,𝑡
𝑏𝑎𝑡 = 𝐸𝑖,𝑡−1

𝑏𝑎𝑡 + 𝑃𝑖,𝑡
𝑏𝑎𝑡,𝑐

· 𝜂𝑏𝑎𝑡,𝑐 · 𝛥𝑡 −
𝑃𝑖,𝑡

𝑏𝑎𝑡,𝑑
· 𝛥𝑡

𝜂𝑏𝑎𝑡,𝑑
 

(5) 

 𝐸𝑖,𝑡
𝑏𝑎𝑡 ≤ 𝐸𝑖

𝑏𝑎𝑡,𝑐𝑎𝑝
 (6) 

 𝑃𝑖,𝑡

𝑏𝑎𝑡,𝑐
≤ 𝑃𝑖

𝑏𝑎𝑡,𝑝𝑒𝑎𝑘
· 𝛿𝑖,𝑡

𝑏𝑎𝑡,𝑐
 (7) 

 𝑃𝑖,𝑡
𝑏𝑎𝑡,𝑑

≤ 𝑃𝑖

𝑏𝑎𝑡,𝑝𝑒𝑎𝑘
· 𝛿𝑖,𝑡

𝑏𝑎𝑡,𝑑
 (8) 

 𝛿𝑖,𝑡
𝑏𝑎𝑡,𝑐

+ 𝛿𝑖,𝑡
𝑏𝑎𝑡,𝑑

≤ 1 (9) 

 𝐸𝑖,1
𝑏𝑎𝑡 = 𝐸𝑠𝑡𝑎𝑟𝑡,𝑒𝑛𝑑 · 𝐸𝑖

𝑏𝑎𝑡,𝑐𝑎𝑝
 (10) 

 𝐸𝑖,24
𝑏𝑎𝑡 = 𝐸𝑖,1

𝑏𝑎𝑡 (11) 

Eq. (5) describes the energy balance of the battery, where 𝐸𝑖,𝑡
𝑏𝑎𝑡, 𝑃𝑖,𝑡

𝑏𝑎𝑡,𝑐
 and 𝑃𝑖,𝑡

𝑏𝑎𝑡,𝑑
, 𝜂𝑏𝑎𝑡,𝑐 and 𝜂𝑏𝑎𝑡,𝑑, and 𝛥𝑡 are, 

respectively, the hourly energy stored in the battery, the hourly charging (c) and discharging (d) power, the 
battery charging (c) and discharging (d) efficiency, and the time step of the MINLP optimization model, i.e., 
one hour. Constraint (6) states that the hourly energy stored in the battery is bounded by the battery capacity 

𝐸𝑖
𝑏𝑎𝑡,𝑐𝑎𝑝

. Constraints (7)-(8) bound the hourly charging and discharging power of the battery by the maximum 

value 𝑃𝑖
𝑏𝑎𝑡,𝑝𝑒𝑎𝑘

. The binary variables 𝛿𝑖,𝑡
𝑏𝑎𝑡,𝑐

 and 𝛿𝑖,𝑡
𝑏𝑎𝑡,𝑑

, which make the model non-convex, avoid charging and 

discharging in the same time step t, as indicated by constraint (9). The initial and final energy levels of the 

battery (𝐸𝑖,1
𝑏𝑎𝑡 and 𝐸𝑖,24

𝑏𝑎𝑡 ) are fixed as ratio of the battery capacity by parameter 𝐸𝑠𝑡𝑎𝑟𝑡,𝑒𝑛𝑑, as shown in Eqs. (10)-

(11).  

The shifted electrical demand of each member i is subject to the following constraints: 

 

∑ 𝐸𝑖,𝑡
𝑒𝑙,𝑠ℎ𝑖𝑓𝑡

24

𝑡=1

= ∑ 𝐸𝑖,𝑡
𝑒𝑙

24

𝑡=1

 
(12) 

 𝐸𝑖
𝑒𝑙,𝑚𝑖𝑛 ≤ 𝐸𝑖,𝑡

𝑒𝑙,𝑠ℎ𝑖𝑓𝑡
≤ 𝐸𝑖

𝑒𝑙,𝑚𝑎𝑥  (13) 

 (1 − 𝐷𝑣𝑎𝑟) · 𝐸𝑖,𝑡
𝑒𝑙 ≤ 𝐸𝑖,𝑡

𝑒𝑙,𝑠ℎ𝑖𝑓𝑡
≤ (1 + 𝐷𝑣𝑎𝑟) · 𝐸𝑖,𝑡

𝑒𝑙  (14) 

Eq. (12) states that shifting the hourly electrical demand of a member does not change its total daily electrical 

demand, where 𝐸𝑖,𝑡
𝑒𝑙,𝑠ℎ𝑖𝑓𝑡

 and 𝐸𝑖,𝑡
𝑒𝑙  are, respectively, the shifted and input electrical demands in time step t. 

Constraints (13) and (14) bound 𝐸𝑖,𝑡
𝑒𝑙,𝑠ℎ𝑖𝑓𝑡

, where 𝐸𝑖
𝑒𝑙,𝑚𝑖𝑛

, 𝐸𝑖
𝑒𝑙,𝑚𝑎𝑥

 and 𝐷𝑣𝑎𝑟  are the hourly minimum and 

maximum of the input electrical demand and the hourly maximum fraction of the load that can be shifted. 

According to the Italian legislation, the members of the centralized REC are directly and separately connected 
to the same low-medium voltage distribution grid. The energy shared among the members occurs within the 
distribution grid, in conformity with the concept of “virtual energy sharing” of the Italian REC. The legislation 

defines two hourly energy balances for the total energy withdrawn from (𝐸𝑡
𝑖𝑚𝑝

) and injected to (𝐸𝑡
𝑒𝑥𝑝

) the grid 

as reported by Eq. (15) and Eq. (16), respectively: 

 
𝐸𝑡

𝑖𝑚𝑝
=  ∑(𝐸𝑖,𝑡

𝑒𝑙,𝑠ℎ𝑖𝑓𝑡
+ 𝐸𝑖,𝑡

𝑏𝑎𝑡,𝑐)

𝑛

𝑖=1

 
(15) 

 
𝐸𝑡

𝑒𝑥𝑝
=  ∑(𝐸𝑖,𝑡

𝑃𝑉 + 𝐸𝑖,𝑡
𝑏𝑎𝑡,𝑑)

𝑛

𝑖=1

 
(16) 

where 𝐸𝑖,𝑡
𝑃𝑉 , 𝐸𝑖,𝑡

𝑏𝑎𝑡,𝑐
 and 𝐸𝑖,𝑡

𝑏𝑎𝑡,𝑑
 are, respectively, the energy generated by PV, the energy charged and 

discharged of the battery, for each member i in each time step t. 

The total energy withdrawn from and injected to the grid are limited by the following constraints: 

 𝐸𝑡
𝑖𝑚𝑝

≤ 𝐸𝑔𝑟𝑖𝑑,𝑚𝑎𝑥   (17) 

 𝐸𝑡
𝑒𝑥𝑝

≤ 𝐸𝑔𝑟𝑖𝑑,𝑚𝑎𝑥   (18) 

where 𝐸𝑔𝑟𝑖𝑑,𝑚𝑎𝑥 is the maximum allowed energy exchanged with the grid.  



The Italian REC benefits from an economic incentive for the “virtual energy shared”, 𝐸𝑠,𝑡, among its members, 

that is defined as the hourly minimum between 𝐸𝑡
𝑖𝑚𝑝

 and 𝐸𝑡
𝑒𝑥𝑝

: 

 𝐸𝑠,𝑡 = 𝑚𝑖𝑛(𝐸𝑡
𝑖𝑚𝑝

, 𝐸𝑡
𝑒𝑥𝑝

)  (19) 

where constraint (19) is non-linear and, therefore, makes the model non-linear. 

The REC under analysis aims at maximizing its total daily profit and, therefore, the objective function to be 
maximized is: 

 
𝑐𝑅𝐸𝐶 =  ∑(𝐸𝑡

𝑒𝑥𝑝
· 𝑐𝑡

𝑒𝑥𝑝
− 𝐸𝑡

𝑖𝑚𝑝
· 𝑐𝑡

𝑖𝑚𝑝
)

24

𝑡=1

+ 𝑖𝑛𝑐𝑅𝐸𝐶 · ∑ 𝐸𝑠,𝑡

24

𝑡=1

 
(20) 

where 𝑐𝑡
𝑒𝑥𝑝

, 𝑐𝑡
𝑖𝑚𝑝

 and 𝑖𝑛𝑐𝑅𝐸𝐶  are, respectively, the grid sale price, the grid purchase price and the incentive of 

the REC (that consists of the sum between a feed-in premium and a feed-in tariff, the latter linked to the 
avoided network losses within the REC). The first summation represents the difference between the revenue 

for the energy sold to the grid (𝐸𝑡
𝑒𝑥𝑝

· 𝑐𝑡
𝑒𝑥𝑝

) and the cost for the energy purchased from the grid (𝐸𝑡
𝑖𝑚𝑝

· 𝑐𝑡
𝑖𝑚𝑝

). 

The last term is the revenue due to the incentive for the virtual energy shared. Notice that the optimal profit of 

the REC (i.e., the optimal value of the objective function 𝑐𝑅𝐸𝐶) corresponds to the value of the grand coalition 
including, as players, all the members of the REC, as explained in Section 2.  

3.2. Input data 

Figure 1 (a) and (b) show, respectively, the profile of the global solar irradiance on an inclined surface (optimal 
tilted angle of 38°) for the location of Padua (Italy) derived from the PVGIS database [26], and the profiles of 
the grid purchase and sale prices [27], in a characteristic day of the spring season. Figure 2 reports the daily 
electrical demands of the energy users, within the analysed REC, that are representative of the tertiary 
(consumer “Ter”), residential (prosumer “Res”) and commercial (prosumer “Com”) sectors [28]. Given the 
chosen electrical demands, it is worth highlighting that the REC presents a heterogeneous composition that 
improves its operational flexibility. Table 2 lists the values of other input parameters for the mathematical model 
described in Section 3.1. 

 

 

a) 

 

b) 

Figure 1.  a) Global solar irradiance on an inclined surface (optimal tilted angle of 38°) in Padua 

(Italy) and b) grid purchase and sale prices, in a characteristic day of spring. 

 

Figure 2.  Electrical demands of the tertiary consumer (Ter), residential (Res) and commercial 

(Com) prosumers. 



Table 2.  Values of the input parameters in the MINLP optimization. 

Parameter Value Source 

𝜂𝑃𝑉  [-] 0.17 assumed 

𝐴𝑖
𝑃𝑉  [𝑚2] 60 (Res), 250 (Com) assumed 

𝜂𝑏𝑎𝑡,𝑐, 𝜂𝑏𝑎𝑡,𝑑 [-] 0.95 [9] 

𝐸𝑖
𝑏𝑎𝑡,𝑐𝑎𝑝

 [kWh] 50 (Com) [29] 

𝑃𝑖

𝑏𝑎𝑡,𝑝𝑒𝑎𝑘
 [kW] 7 (Com) [29] 

𝐸𝑠𝑡𝑎𝑟𝑡,𝑒𝑛𝑑 [-] 0.5 assumed 

𝐷𝑣𝑎𝑟 [-] 0.1 assumed 

𝐸𝑔𝑟𝑖𝑑,𝑚𝑎𝑥 [kWh] 70 assumed 

𝑖𝑛𝑐𝑅𝐸𝐶  [€/kWh] 0.12 [3] 

 

4. Analysis and discussion of results 
Section 4.1 reports the results of the Mixed-Integer Non-Linear Programming (MINLP) optimization, conducted 
on the mathematical model described in Section 3.1, and solved by the Gurobi software [30]. Subsequently, 
Section 4.2 presents the outcomes of the distribution of the optimal total profit for the REC among the 
members, by application of the mechanisms of Shapley value and Uniform pricing. 

4.1. Optimization results 

Figure 3 (a) shows the optimal shifted electrical demands of the tertiary consumer (“Ter”), residential (“Res”) 
and commercial (“Com”) prosumers, as well as the total PV power generation for the two prosumers, within 
the REC. The optimal load shifting of the electrical demand of the commercial prosumer results more evident 
compared to the other optimal demands, since the commercial prosumer can exploit the electrical battery 
storage and, thus, has a higher flexibility compared to the other members of the REC. Figure 3 (b) exhibits the 
optimal operation of the electrical battery storage of the commercial prosumer within the REC, in terms of 
power charging (red line), power discharging (green line) and energy stored (blue line). Notice that all the 
shifted electrical demands increase compared to the input demands during hours 7-9 (Figure 3 (a)), when the 
PV power generation is still low, thus requiring the power discharging of the battery in the same period (Figure 
3 (b)). In the middle of the day, during hours 10-15, the total PV power generated is high (maximum value of 
39 kW at hour 12), and this allows to charge the battery till almost the maximum capacity (50 kWh) at hour 15. 
After hour 15 the available PV power decreases and, therefore, power discharging of the battery helps meet 
the total electrical demand. Figure 4 displays the daily profile of the virtual energy shared within the REC. 
According to constraint (19) in Section 3.1, the virtual energy shared is defined as the hourly minimum between 
the total energy withdrawn from the grid (i.e., sum of the total shifted electrical demand and energy charged 
into the battery) and the total energy injected into the grid (i.e., sum of the total PV energy generation and 
energy discharged from the battery). At hour 2, the virtual energy shared corresponds to the energy discharged 
from the battery (7 kWh) that is lower compared to the value of the total shifted electrical demand (17 kWh). 
At hour 12, the virtual energy shared is the maximum PV energy generated (39 kWh) that is lower compared 
to the sum between the values of total shifted electrical demand (37 kWh) and energy charged into the battery 
(7 kWh). Hence, these outcomes demonstrate that a REC with renewable energy plants (as PV) and energy 
storage systems can effectively exploit the energy sharing and, in turn, achieve higher economic revenues due 
to the incentive for the energy shared according to the Italian legislation. 

 



 

a) 

 

b) 

Figure 3.  a) Input and optimal shifted electrical demands of REC members and total PV power 

generation and b) optimal operation of the battery. 

 

Figure 4.  Optimal virtual energy shared in the analysed Italian REC. 

4.2. Results of the profit allocation  

The Mixed-Integer Non-Linear Programming (MINLP) optimization leads to an optimal daily profit of the REC 
(optimal value of the objective function, Eq. (20) in Section 3.1) equal to 8.35 €. This total profit is allocated to 
the members of the REC by applying, separately, the cooperative Shapley value and the Uniform pricing 
mechanisms, described in Section 2.1 and 2.2, respectively.  

The calculation of the Shapley value, according to Eq. (2) in Section 2.1, requires the identification of all 
coalitions of members within the REC and the computation of their “values” (i.e., the total costs/profits of 
coalitions, see Section 2.1). In the analysed REC with three members, the 8 possible coalitions are {}, {Ter}, 
{Res}, {Com}, {Ter, Res}, {Ter, Com}, {Res, Com} and {Ter, Res, Com}, where the first and last coalitions are, 
respectively, the empty coalition and the grand coalition that constitutes the REC. Ter, Res and Com refer, 
respectively, to the tertiary consumer, the residential and commercial prosumers. Notice that the value of the 
empty coalition is 0, while the value of the grand coalition is the optimal daily profit of the REC (8.35 €). To 
obtain the value of a specific coalition, it is sufficient to solve the model in Section 3.1 considering only the 
equations and constraints associated with the members involved in that coalition. For instance, coalition {Ter, 
Res} is made of one consumer (Ter) and one prosumer with only a PV plant (Res), thus the equations and 
constraints from (5) to (11) (in section 3.1) of the battery energy storage are not used in solving the optimization 
problem, and the variables of the battery in Eqs. (15)-(16) are not considered as well. Moreover, for coalitions 
{Ter}, {Res}, {Com}, representing the energy users operating independently, and without cooperation with other 
community members, the term of energy shared in the objective function (20) is not included. Table 3 reports 
the “values” calculated for all coalitions within the REC, where negative and positive values refer to net costs 
and net profits, respectively. For example, the coalition {Ter} includes only one consumer, leading to a daily 
cost of 12.85 €. On the other hand, the coalition {Res, Com} is based on the cooperation between the 
residential and commercial prosumers and, thus, presents the highest daily profit of 20.09 €. Once obtained 
the values of all coalitions, the formula of the Shapley value (Eq. (2) in Section 2.1) is applied to compute the 
Shapley payoff of each member of the REC.  



The Uniform pricing mechanism is implemented by calculating a uniform price within the REC, as reported in 
Eq. (3) of Section 2.2, where the numerator is represented by the optimal daily profit of the REC (8.35 €) and 
the denominator is the optimal shifted demand of the REC. According to Uniform pricing, the payoff of each 
member is found by multiplying the uniform price with its optimal daily demand.  

Table 4 displays the payoffs (positive for profits and negative for costs) allocated to the members of the REC 
under the Shapley value and Uniform pricing mechanisms. A first outcome is that both allocation mechanisms 
are efficient (see Section 2.1) because the sum of their payoffs is equal to the optimal daily profit of the REC 
(8.35 €), i.e., the value of the grand coalition. Both Shapley value and Uniform pricing also guarantee the 
property of individual rationality and, therefore, all members of the REC have higher gains (higher profits or 
lower costs) within the REC compared to the case without cooperation. For instance, the tertiary, residential 
and commercial members have higher daily profits within the REC according to the uniform pricing allocation 
(profits of 1.95 €, 0.69 € and 5.71 €, respectively, in Table 4) compared to the case in which they operate 
independently in separate coalitions (costs of -12.85 €, -1.03 €, -22.20 €, respectively, in Table 3). With Uniform 
pricing all members have daily profits, included the tertiary consumer, while the Shapley allocation shows daily 
profits for prosumers and a daily cost for the tertiary consumer. Hence, it seems that Uniform pricing is more 
economically profitable than Shapley value, at least for the tertiary consumer. However, the application of the 
Shapley value mechanism favours the prosumers of the REC that provide a major contribution in increasing 
the total daily economic profits, derived from the energy sold to the grid and the incentivised energy shared 
within the REC. For example, Table 4 shows that the residential prosumer receives the highest payoff, 
according to Shapley, equal to 9.57 €, highlighting the relevant contribution of this prosumer to the total profit 
of the REC. Hence, the Shapley value can be considered a fair allocation mechanism in the sense that 
prosumers, who promote self-consumption and virtual energy sharing within the REC, receive higher payoffs 
compared to consumers (in any case the latter have economic convenience to be part of the REC instead of 
operating independently). On the contrary, with the Uniform pricing mechanism, the resulting payoffs are more 
homogeneous (i.e., all members obtain daily profits) within the REC, without higher rewards to prosumers with 
respect to consumers. 

Table 3.  Coalitions of the REC and their calculated “values”, which represent daily operational 

profits (positive) or costs (negative). 

Coalition {} {Ter} {Res} {Com} {Ter, Res} {Ter, Com} {Res, Com} {Ter, Res, Com} 

Value [€] 0 -12.85 -1.03 -22.20 -6.95 2.70 20.09 8.35 

 

Table 4.  Payoffs of all members of the REC according to Shapley value and Uniform pricing. 

Payoffs [€] 

Member Shapley 
value 

Uniform 
pricing 

Ter -5.03 1.95 

Res 9.57 0.69 

Com 3.81 5.71 

Total 8.35 8.35 

 

5. Conclusions 
This paper focuses on the issue of costs/profits allocation within the emerging Renewable Energy Communities 
(RECs). In the current literature, most of the works apply one single allocation mechanism or does not apply 
and compare different allocation mechanisms that belong to the field of cooperative game theory or other 
fields. Contrary to the current literature, this work applies two different allocation mechanisms, i.e., the “Shapley 
value” based on cooperative game theory and the “Uniform pricing”, with the aim of evaluating the impact of 
these mechanisms on the economic benefits of the members of a REC. The cooperative mechanism Shapley 
value allows to allocate the optimal cost/profit of the community, considering the average marginal 
contributions of members to the “value” (i.e., total cost or profit) of any coalition of the community in which they 
could participate. On the other hand, the mechanism of Uniform pricing distributes the optimal cost/profit of the 
REC by defining a uniform price that is the ratio of the optimal cost/profit and the total electrical demand of the 
community. This work considers a REC, according to the Italian framework, as case study. The analysed REC 
includes three members belonging to different sectors, i.e., a tertiary consumer, one residential and one 
commercial prosumers. The residential prosumer owns only a Photovoltaic (PV) plant (available area of 60 
m2), whereas the commercial prosumer owns a PV plant (available area of 250 m2) and an electrical battery 



storage (capacity of 50 kWh). A Mixed-Integer Non-Linear Programming (MINLP) optimization is carried out to 
maximize the daily operational profit of the REC under analysis, considering the Italian framework and the 
related economic incentive for the energy shared. The optimal daily operational profit of 8.35 € of the REC is 
allocated to the members by applying, separately, the “Shapley value” and “Uniform pricing” mechanisms. 
Given the payoffs distributed by both Shapley value and Uniform pricing, the three members of the REC always 
find economically convenient the participation into the community (therefore, higher profits and lower costs) 
compared to their independent operation, which is characterized by daily costs of 12.85 €, 1.03 € and 22.20 € 
for the tertiary consumer, residential and commercial prosumers, respectively. Uniform pricing allows to 
achieve daily profits of 1.95 €, 0.69 € and 5.71 € for the tertiary consumer, residential and commercial 
prosumers, respectively. On the other hand, the allocation by Shapley value leads to a daily cost of 5.03 € for 
the tertiary consumer and to daily profits of 9.57 € and 3.81 € for the residential and commercial prosumers, 
respectively. Eventually, the outcomes of the allocation mechanisms highlight that Uniform pricing can provide 
more homogeneous payoffs among the members of the REC, whereas Shapley value is fairer towards 
prosumers (in particular, the residential one), in the sense that “awards” the higher contributions of the 
prosumers to the optimal daily profit of the REC by giving them higher payoffs than those of consumers. A 
future research direction of this work could cover the analysis of the economic stability of the REC, strictly 
dependent on the costs/profits distributed by the implemented allocation mechanisms, to avoid the case of 
members willing to exit from the REC.  
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Nomenclature 
𝐶𝑜𝑚 Commercial 

𝑀𝐼𝑁𝐿𝑃 Mixed-Integer Non-Linear Programming 

𝑅𝐸𝐶 Renewable Energy Community 

𝑅𝑒𝑠 Residential 

𝑇𝑒𝑟 Tertiary 

Subscripts and superscripts 
𝑏𝑎𝑡 Battery 

𝑖  Member of the REC 

𝑃𝑉  Photovoltaic 
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