
Journal of Energy Storage 72 (2023) 108354

Available online 17 July 2023
2352-152X/© 2023 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Research papers 

A design optimization method for solar-driven thermochemical storage 
systems based on building performance simulation 

Shuwei Wang a,*, Pieter-Jan Hoes a, Jan L.M. Hensen a, Olaf C.G. Adan b,c,d, Pim A.J. Donkers d 

a Department of the Built Environment, Eindhoven University of Technology, Eindhoven, the Netherlands 
b Department of Applied Physics, Eindhoven University of Technology, Eindhoven, the Netherlands 
c TNO Materials Solutions, Eindhoven, the Netherlands 
d Cellcius B.V., Eindhoven, the Netherlands   

A R T I C L E  I N F O   

Keywords: 
Thermochemical heat storage 
Building performance simulation 
Solar energy 
Simulation-based optimization 
Surrogate model 

A B S T R A C T   

The challenge of the temporal mismatch between energy supply and demand in buildings is growing with the 
increasing share of renewable energy in total energy consumption. Among all the state-of-the-art energy storage 
solutions, thermochemical heat storage shows a unique potential thanks to its considerable energy density, 
acceptable cost, and negligible heat loss. For this reason, it becomes a promising alternative to common sensible 
heat storage solutions for building applications. The integration of such a novel technology in buildings neces
sitates a method for the assessment of its potential impact and benefit, the comparison to common alternatives, 
and the optimization of the system design. This work proposes a method based on modeling and simulation of the 
interaction between the thermochemical heat storage system and the building using a data-driven surrogate 
model of the storage system in combination with a building performance simulation engine. The data-driven 
model was developed and validated based on laboratory measurements of a novel closed-loop thermochem
ical heat storage system, the heat battery (HB). The method was demonstrated in a case study to identify the 
optimal size of the HB in a solar-driven configuration based on a residential building use case. The results show 
that the heat battery can digest the thermal energy transferred from the solar thermal collector to reduce the 
original electricity consumption for heating the detached house (0.7 MWh to 1.0 MWh in considered cases) 
without any obvious sacrifice in thermal comfort and that the small-scale HB (with a storage volume below 160 l) 
shows efficient usage of the designed storage capacity.   

1. Introduction 

As the largest energy-consuming sector in the world, buildings ac
count for one-third of the total final energy consumption and represent 
an equally significant source of carbon dioxide (CO2) emissions [1]. For 
buildings in European Union, around 70 % of energy is consumed for 
heating, cooling, and hot water production [1]. To reduce CO2 emissions 
from this part, various strategies have been implemented including the 
promotion of renewable energy sources. In the European Union, the 
share of renewable energy in gross final energy consumption for heating 
and cooling has increased from approximately 12 % in 2005 to over 23 
% in 2020 [2]. This growth in renewable energy share is raising the 
challenge of the mismatch between energy supply (heat or electricity) 
and building demand. One promising strategy toward this challenge is to 
use energy storage technologies to decouple the generation and 

consumption of energy (heat or electricity) [3,4] and enhance the flex
ibility of the entire system [5]. 

Various energy storage technologies are applied in buildings, such as 
electrical batteries [6,7], water tanks [8,9], phase change materials 
(PCMs) [10,11], buildings thermal capacitance [12], and thermochem
ical storage materials (TCMs) [13,14]. While electrical batteries have 
the advantage of high year-round utilization because of the constant 
presence of electric loads in buildings, thermal energy storage technol
ogies (water tanks, PCMs, and TCMs) are more cost-effective in many 
situations due to their lower capital cost and longer lifetime [15–17]. A 
typical use case of thermal energy storage technologies in buildings is to 
use them to digest on-site solar thermal energy [18–20], while sensible 
heat storage technologies, like water tanks, are the most widely used at 
present [13], thermochemical heat storage systems possess a superior 
potential due to their high energy density (approximately 1GJ/m3 

[21–23]) and negligible heat loss. However, commercial 
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thermochemical heat storage solutions are not available yet, and the 
current prototypes [24–26] still have some limitations concerning the 
volume of the required system components and the required energy for 
driving the system [13]. Before large-scale commercialization of ther
mochemical heat storage technologies in buildings can happen, it is 
crucial to understand the most promising use cases of the technology 
[27]. In order to identify the potential of a use case it is necessary to 
assess the impact of the technology on the performance of buildings 
while optimizing the system design and considering the perspectives of 
various stakeholders. 

One research approach is to test the thermochemical heat storage 
system in buildings through simulation experiments, but there is still a 
knowledge gap in the methodology for the dynamic simulation of TCM 
system models with effective building models. An existing approach is to 
derive the storage system model from some physical principles such as 
isothermal energy balance, then integrate it with some simplified 
building or heat demand models [28–30]. This type of approach enables 
the virtual test of different TCM system configurations but can hardly 
achieve a fit-for-purpose model complexity of buildings. From this 
perspective, building performance simulation (BPS) can provide a more 
complete virtual building testbed [31]. BPS considers the dynamic in
teractions between the geometry and thermal properties of a building, 
energy systems, occupant behaviors, and climate conditions [32], and 
thus provides a valuable virtual building test environment for support
ing the decision-making in the R&D phase of such innovative building 
technologies. Nonetheless, although existing modeling techniques for 
thermochemical storage already cover various scales from molecular 
level [33], grain level [34], powdery level [35], reactor level [36], and 
even system-level [28], current BPS tools still have no models which are 
directly usable. The implementation of the aforementioned modeling 
techniques in BPS remains challenging due to their high cost of 
computation caused by the high model complexity [37]. Therefore, 
some researchers chose to export the heat demand profiles from a BPS 
tool and model the storage system separately [38]. This approach would 
ignore the dynamic interaction between the buildings, occupants, and 
the TCM systems, and thus could not reflect the full impact that the TCM 
system might have on some aspects of building performance (such as 
indoor thermal comfort). Hence, there is a need for an effective 
modeling and simulation approach for thermochemical heat storage 
systems in BPS tools. This study fills this gap and establishes a virtual 
building testbed for a state-of-the-art closed-loop thermochemical heat 
storage system, the heat battery (HB). It is conducted in cooperation 
with the HB developers and aims to deliver both valuable suggestions for 
HB's design optimization and solutions to the knowledge gap mentioned 

above. 
The main contribution of this article is the novel simulation-based 

methodology that enables the assessment and optimization of a solar- 
driven thermochemical storage system applied to a renovated dwell
ing with an air-source heat pump. The system design is assessed and 
optimized based on the dwelling's performance in various scenarios. A 
surrogate model of the heat battery is developed and validated based on 
a dataset from earlier research. This model is implemented in the 
EnergyPlus simulation program via a novel plugin written in Python, in 
combination with a building model developed and validated based on 
previous studies and literature information [27,39–42]. The imple
mentation of the models was verified by analyzing the results from a test 
simulation run. In the weather conditions of Eindhoven and Marseille, 
14 variants of the solar-driven heat battery system were tested and 
compared to equal-storage-volume water tank systems. The core focus of 
this paper is on the method for assessing application potential and 
optimizing capacity design toward building integration. This research 
aims to evaluate the feasibility, benefits, and comparison of solar-driven 
thermochemical storage systems with conventional alternatives. The 
proposed methodology integrates building performance simulation and 
a data-driven surrogate model, enabling the optimization of system 
design based on specific building requirements and characteristics. The 
following parts of this article are structured as: Section 2 introduces the 
methodology that is proposed and employed by this study. Section 3 
presents the detailed simulation results of the verification study and the 
design optimization cases. Section 4 discusses the contribution and 
limitations of this work and concludes the whole article with the diverse 
potential of the HB. 

2. The proposed method 

The method used in this research consists of three major parts. Part I 
is the development and validation of the surrogate HB model. Part II is 
the implementation of the developed HB model in BPS and the verifi
cation of this implementation. Part III is the design optimization of the 
system in a defined use case of the HB. Fig. 1 provides an overview of the 
proposed method. 

2.1. Part I – HB model development and validation 

2.1.1. System investigation 
The prototype of the heat battery uses the reversible hydration 

mechanism of a type of TCM – potassium carbonate (K2CO3). As shown 
in Fig. 2, it contains a storage module (on the right of the picture) for the 

Nomenclature 

Abbreviations 
ANN Artificial neural network 
API Application programming interface 
BPS Building performance simulation 
CV(RMSE) Coefficient of variation of the root mean square error 
HB Heat battery 
HVAC Heating, ventilation, and air-conditioning 
MAPE Mean average percentage error 
PCM Phase change material 
RMSE Rooted mean square error 
TCM Thermochemical storage material 
WT Water tank 

Symbols 
COPc coefficient of performance for charging the HB 
COPd coefficient of performance for discharging the HB 

ec electric power for driving the charging cycle, kW 
ed electric power for driving the discharging cycle, kW 
mc charging fluid mass flow rate, kg/s 
md discharging fluid mass flow rate, kg/s 
qc actual thermal power charged into the TCMs, kW 
qc-t target thermal charging power of the HB, kW 
qd actual thermal power discharged from the TCMs, kW 
qd-t target thermal discharging power of the HB, kW 
tc-in charging fluid temperature at the heat exchanger inlet, ◦C 
tc-out charging fluid temperature at the heat exchanger outlet, ◦C 
td-in discharging fluid temperature at the heat exchanger inlet, 

◦C 
td-out discharging fluid temperature at the heat exchanger outlet, 

◦C 
ηc thermal efficiency of charging the HB 
ηd thermal efficiency of discharging the HB  
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composites and an electricity-driven mechanical system (on the left of 
the picture) to maintain continuous charging or discharging powers. The 
developers have taken some measures for accelerating the reaction ki
netics as described in previous literature [44]. Because the discharging 
power is directly related to the amount of thermochemical material, the 
discharging power can also be scaled based on specific application 
requirements. 

To start charging or discharging the heat battery, the building energy 
system first needs to set a target power for charging or discharging. 
According to this target, the heat battery adjusts the powers of the fan, 
the pump, and other components and starts to intake the fluid in the heat 
exchangers. After the charging or discharging process completes, these 
components will be turned off to switch the heat battery into standby 
mode when its heat loss is negligible. 

The charging model of the heat battery takes the inlet temperature 
and mass flow rate of the charging fluid and the target charging power as 
input variables, as Fig. 3 illustrates. It calculates the outlet temperature 
of the corresponding fluid, the actual charging power, and the electric 
power as output variables. The discharging model uses a similar set of 
input and output variables. 

2.1.2. Selecting modeling method 
Based on prior experimental findings, the developer has recognized 

the need for a high-resolution model of the HB, as its transient perfor
mance is likely to be significantly influenced by various input factors, 
including but not limited to the temperature of the fluid during charging 
and discharging processes in the associated buildings. Therefore, the 
developer of the HB has constructed a high-resolution model based on 
the physical principles and laboratory experiments and has programmed 
it into a MATLAB program. This model can predict the transient values 
of some state variables based on several input values and detailed design 
parameters such as porosity, grain diameter, the dimension of the TCM 
module, heat exchanger effectiveness, and the air pressure range. This 
model has been validated to predict HB's performance, but it is relatively 
computationally expensive compared to common BPS tools such as 
EnergyPlus. For instance, it takes around 1 min to calculate one group of 
output variables for charging the HB, but just 50 s to complete a whole- 
year simulation of a detached house in EnergyPlus (with a 15-min 
timestep on the same computer). If the high-resolution HB model is 
directly implemented in the simulation tool, the number of desired 
virtual tests will be limited by the computational time. 

A possible solution is to construct a surrogate model of the high- 
resolution model. A dataset is already available for training a surro
gate model based on previous lab experiments and the high-resolution 
model. It has thousands of observations for both the charging process 
(over 21,000 observations) and discharging process (over 391,000 ob
servations) and covers a wide range of values of the input variables and 
output variables shown in Fig. 3. This provides us with the possibility of 
developing data-driven models that can be both accurate enough and 
computationally cheap. 

2.1.3. Model training and validation 
To train a surrogate model based on the dataset, an algorithm is 

needed to predict the numerical values of multiple output variables 
based on multiple numerical inputs. Because the inputs and outputs are 
known in the dataset, the algorithm should be a supervised learning one 
such as a neural network. In the supervised neural network, the pre
dicted outputs of the network are compared with the actual outputs in 

Fig. 1. Flowchart of the research methodology.  

Fig. 2. The prototype of the heat battery [43].  
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Fig. 3. Schematic diagram of charging/discharging cycles and the corresponding models [45].  

Fig. 4. Test vs predicted data of the output variables of the charging (above) and discharging (below) neural network models.  
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the training dataset. Based on the error, the parameters are changed and 
then fed into the neural network again [46]. The neural network fitting 
tool in MATLAB is used to train the surrogate model for the charging and 
discharging processes of the HB. When training the charging model, this 
study randomly selected 80 % of the data as the training dataset, 10 % as 
the validation set, and the remaining 10 % as the test set. For the dis
charging model, in light of the larger data size, this research used 90 % 
for training and in total 10 % for validation and testing. Furthermore, to 
choose a proper model complexity, this work considered different layer 
sizes and training algorithms and compared the accuracy of the trained 
models. For the charging process, 20 layers and Bayesian Regularization 
led to the lowest prediction error and avoided under-fitting and over- 
fitting. For the discharging process, the most proper combination is 15 
layers and Levenberg-Marquart. 

Fig. 4 presents how the selected models perform on the hold-out test 
data. The values of the Coefficient of Variation of Root Mean Square 
Error (CV(RMSE)) and Mean Absolute Percentage Error (MAPE) be
tween the test and predicted data are given on the top-left of each 
subplot in addition. All the CV(RMSE) values are below 15 %, and all the 
MAPE values are below 5 %, which indicates an acceptable accuracy 
according to [47,48]. Meanwhile, both the charging and discharging 
models can complete the prediction within three milliseconds, which is 
20,000 times faster than the physics-based model. 

2.2. Part II – HB model implementation and verification 

2.2.1. Implementing the HB model in BPS 
In order to implement the neural network models in BPS, a simula

tion engine that allows the embedding of a customized model is needed. 
For this reason, this method selected the open-source BPS tool Ener
gyPlus for the whole building energy simulation. It is managed by the 
National Renewable Energy Laboratory (NREL) and funded by the U.S. 
Department of Energy [49]. Its recent versions (newer than 9.3) have an 
application programming interface (API) enabling customized programs 
to be plugged in [50]. 

This method used the PlantComponent: UserDefined object in Ener
gyPlus's input file to create a shell for the HB and then connect it with the 
interface of the HVAC system. Two branches of the user-defined 
component were used to represent the HB's charging and discharging 
heat exchangers. The charging branch was defined as demand load 
mode, which can turn the loop on when it needs a flow. The discharging 
branch was defined to meet load with a nominal capacity. It can request 
flow but cannot initiate it. Based on the created shell, this method in
cludes a Python script to define the fundamental energy balance equa
tions and control logic of the HB model. The script has five derived 
classes from the EnergyPlusPlugin base class. Two of them override the 
on_user_defined_component_model functions to respectively initialize and 
simulate the charging branch, and two for the discharging branch. The 
remaining class overrides the on_end_of_zone_timestep_after_zone_reporting 

function to update the state of the HB and report desired output vari
ables. When updating the HB's state, the stored heat inside the materials 
is calculated by: 

dQs

dτ = ηcqc− t +
qd− t

ηd
; (1)  

qc− t = cpcmc(tc− in − tc− out); (2)  

qd− t = cpdmd(td− in − td− out). (3) 

Here, the Qs (kJ) is the thermal energy stored inside the TCM, and τ 
(s) is the time. On the other side of the equation, the qc-t and qd-t (kW) are 
the target charging and discharging powers set for the heat battery. The 
ηc and ηd are the efficiencies of charging and discharging. The cpc and cpd 
(kJ/kg⋅K− 1) in denote the specific heat capacity of the charging and 
discharging fluid. The mc and md (kg/s) are the mass flow rates of the 
charging and discharging fluid. The tc-in and td-in (K) are the charging and 
discharging fluid temperatures at the inlets of the heat exchangers while 
The tc-out and td-out (K) are the outlet temperatures. 

The electricity consumed by the circulating system is calculated by: 

dE
dτ =

qc− t

COPc
+

qd− t

COPd
. (4) 

Here, the E (kJ) is the electricity consumed by the HB. The COPc and 
COPd are the coefficients of performance of the charging and discharging 
processes. Note that the charging and discharging processes cannot 
happen simultaneously. 

Fig. 5 illustrates when the additional files are used in an EnergyPlus 
simulation run for implementing the HB model. During the initialization 
process, the initialization program in Python will register basic design 
parameters (such as the storage capacity, maximum charging or dis
charging power) of the HB for the following simulation processes. In 
each simulation timestep of the charging or discharging processes dur
ing the design and run periods, the HVAC system models in EnergyPlus 
will deliver the values of qc-t, qd-t, tc-in, td-in, mc, md, cpc, cpd to the plugin 
program in Python. There, the embedded neural network models take 
these values in and output tc-out, td-out, ηc, ηd, COPc, and COPd. Based on 
the correspondence shown in Fig. 3, the Python program calculates Qs 
and E and reports the required variables back to the running EnergyPlus 
simulation. The simulation timestep should be defined according to the 
response time of HB in terms of the time for reaching a stable charging or 
discharging state. 

2.2.2. Verifying the implementation 
The implementation of the developed model in EnergyPlus is verified 

via a test run simulation which will predict the performances of the 
system and the building. The test run should be designed based on the 
knowledge of the method user or existing case with data for reference so 
that the logic between the simulation result and assumptions could be 

Fig. 5. Execution of additional files for implementing the HB model in EnergyPlus simulation.  
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analyzed. The questions to be checked are, e.g.: Is the state-of-charge 
fluctuation of the HB in line with the variation of solar heat supply 
and building heat demand? Can the solar-driven storage system reduce 
the electricity consumption of the detached house without any apparent 
sacrifice of indoor thermal comfort? In case of unexpected simulation 
results from the test run, the possible cause or bug should be analyzed 
based on the above logic and the simulation workflow. Then, the test run 
would be re-conducted with an updated assumption or corrected simu
lation setup. 

2.3. Part III – system design optimization 

The design optimization of the HB is performed based on a use case. 
As our previous study defined, a use case consists of the stakeholder, 
value, strategy, facility, and scenario [27]. The value (key performance 
indicator) that the stakeholder concerns the most would be the objective 
and the facility (building property and system configuration) provides 
the system design option and the boundary condition. When using the 
HB for consuming onsite solar thermal energy, the reduction of imported 
electricity is a proper indicator for assessing the value that the system 
can bring to the homeowner. In addition, common alternatives for the 
HB such as water tanks can be used as a benchmark for identifying the 
actual value brought by the HB rather than the solar thermal collectors. 

3. Method demonstration: use case description 

3.1. Building and heating system configuration 

Based on the results of our previous study [27], the following use 
case was selected: the owner of a detached house wants to use the HB to 
store the thermal energy collected by the solar collectors and consumes 
it for its own heat demand in order to reduce imported electricity. 

As shown in Fig. 6, the detached house is assumed to have the ge
ometry of the reference building Woning L vrij from [39] and matches the 
insulation level of Dutch houses constructed from 1992 to 2014 in the 
NTA 8800: 2022 [51]. Its façade, floor, and roof have an Rc value of 2.5 

m2⋅K/W and its windows have Uw values of 1.8 W/m2⋅K. The house has 
replaced the natural gas boiler with an air-to-water heat pump to meet 
the target and ambition for 2030 proposed in the national climate agree
ment [52], and the heat pump is assumed to have a nominal heating 
capacity of 12 kW and a rated COP of 4.0 (based on the conditions of 7/ 
6 ◦C DB outdoor air temperature and 30/35 ◦C inlet/outlet water 
temperature). 

Based on these assumptions and the climate conditions of Eindhoven 
in 2020 [51], an initial simulation study was conducted; the annual 
electricity consumption of this building was predicted to be around 9 
MWh. According to the StatLine database of Statistic Netherlands (also 
known as CBS) [42], the average gas consumption of a detached house in 
Eindhoven was 2000 m3 in 2020, and the average electricity con
sumption was 4.6 MWh. Assuming that all the domestic gas-fired devices 
(like gas boilers) are replaced by such electric ones as heat pumps, an 
annual electricity consumption of 8–10 MWh could be expected for the 
modeled houses, which covers the predicted value. 

As described in the use case, the homeowner wonders whether it is 
promising to couple the existing heating system with a solar-driven 
thermochemical storage system (solar collectors and the HB). There
fore, this case study configured a heating system accordingly and set up 
the model as illustrated in Fig. 6. The solar collector was modeled based 
on the performance of a 2 m2 glazed flat plate collector certificated by 
the Solar Rating & Certification Corporation [52]. 

The occupancy and heating profiles in this house (in terms of occu
pant number, lights and appliances, and thermostat) were set to repre
sent two seniors residents as defined in [41], and each occupant was 
assumed to consume 40 l of hot water every day [53] based on the 
Average residential EU (Annex 42) profile described in [40]. The normal 
response time of the current HB prototype is around 15 min, so the 
system timestep of the simulation was defined as 15 min as well. 

In order to verify the proposed approach and check the performance 
of the HB, a test run simulation was first conducted with a default solar 
collector number of four (8 m2), a heat battery storage volume of 320 L 
(93 kWh), and a weather file of Eindhoven [51]. The predicted perfor
mances of the system and the building in the test run are checked to 

Fig. 6. Schematic of the building geometry and heating system configuration models in EnergyPlus.  
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verify the correct implementation of the HB model. 

3.2. System design variants 

Considering the advantages of sensible heat storage in diurnal 
charging/discharging cycles, some design variants were also defined to 

have water tanks with the same storage volumes as indicated in Table 1. 
The building models with the water tank include similar system con
nections as the models with the HB and similar operational strategies. 
The water tank models include heat losses. Two options for solar col
lectors area (8 to 16 m2) were considered to investigate the influence of 
this parameter. In addition to Eindhoven, the climate of Marseille was 
also taken into account because of its vast solar energy resources. The 
considered areas of the solar collectors are smaller than the south-facing 
roof of the detached house, and the selected volumes of the HB are 
smaller than half the volume of the attic. 

The predicted amount of annual heating electricity consumption in 
all 56 simulation runs are compared in order to reveal the impact of 
system sizes on the reduction of electricity consumption. The reduction 
in each case was divided by the area of solar collectors and the storage 
volume (of the HB or the WT) to locate the optimal storage volume in the 
whole considered range. 

Table 1 
Design variants of the solar-driven storage system.  

System design variant Solar collector area, m2 Storage volume, L  

1  8  80  
2  16  80  
3  8  160  
4  16  160  
5  8  320  
6  16  320  
7  8  480  
8  16  480  
9  8  640  
10  16  640  
11  8  800  
12  16  800  
13  8  960  
14  16  960  

Fig. 7. Predicted year-round state-of-charge fluctuation and three-week charging & discharging processes of the 93 kWh heat battery.  
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4. Method demonstration: result and analysis 

4.1. Simulation results for verification of the HB model implementation 

4.1.1. Performance of the solar-driven heat battery 
The top part of Fig. 7 shows a heatmap with the predicted year-round 

fluctuation of the HB's state-of-charge. It revealed an obvious seasonal 
difference in the use of the storage capacity on grounds that the HB was 
highly occupied from June to September but almost empty during the 
first and last three months of the simulation year. To further reveal the 
relations between the weather and the state-of-charge, three typical 
weeks of the year were selected and the key output variables from the 
simulation results were visualized as also shown in Fig. 7. 

In Week 1 (the last week of February) the weather in Eindhoven was 
both cold and cloudy as indicated by the curves of the outdoor air dry- 
bulb temperature and the solar radiation rate. As a consequence, the 
charging fluid was not heated up sufficiently to transfer the absorbed 
solar thermal energy to the HB during the first six days, which can be 
seen from the middle graph for week 1. However, as the weather turned 
sunny on the last day, some temperature differences also appeared for 
both the charging and discharging fluid which indicated a cycle of 
charging-discharging. Week 1 is a typical week when the HB was 
insufficiently used in terms of both charging and discharging. 

In Week 2 (near the end of April) the weather was sunny and warm. 
Under this weather condition, the HB experienced a stable process of 
both charging and discharging as shown in the middle and bottom 
graphs for week 2. The charging process started once the fed fluid 
became warmer than 75 ◦C, and it lasted until the temperature fell below 
this value. With the sufficiently charged HB, the discharging fluid from 
the demand side could be heated up to its setpoint (around 55 ◦C). Week 
2 is a typical week when the HB could reach a proper balance between 
charging and discharging. 

Week 3 (last days of September and first days of October) show that 
after being charged for a whole summer, the HB was almost full at the 
beginning of this week. Therefore, although it was not very sunny except 
on the fourth day, a stable discharging period can still be witnessed from 
those temperature increases of the discharging fluid in the bottom graph 
for week 3. This week is a typical week when the HB released the 
summer heat to meet the demand in the transition season. 

The results in these three weeks reveal how much impact the weather 

conditions have on the charging performance of the HB in this system. 
Continuous sunny and warm weather can lead to hotter charging fluid 
and thus enable stable and effective charging cycles. Different from 
charging, the discharging processes of the HB presented a more steady 
mode in this system, as the HB can meet its setpoint if only there is 
enough heat stored inside it. This difference becomes more evident from 
the perspective of the whole simulation year. Furthermore, the season 
difference in the HB's state-of-charge also indicates a possible impact 
caused by the area of the collectors and the storage capacity of the HB. 

The left boxplot of Fig. 8 tells both the predicted ranges of the 
charging and discharging COP values of the HB and their overall dif
ference. In this simulation year, the median charging COP was predicted 
to be around 12 while the median discharging COP was about 21. A 
similar difference also exists between the predicted thermal efficiency of 
charging and discharging, as the discharging efficiency distributed 
around 80 % while the charging one was around 45 %. 

4.1.2. Performance of the building 
With this default heating system configuration (8 m2 solar thermal 

collectors and 93 kWh heat battery), the detached house imported 
approximately 5 MWh from the local electricity grid for space heating 
and domestic hot water. For the house without any solar collector or HB, 
the electricity consumed by the same sector was around 6 MWh, which 
indicated a 16 % reduction by the integration of the solar-driven storage 
system as shown in Fig. 9. Compared with this reduction, the additional 
electricity consumed by the solar loop pump and the heat battery is not 
significant. The possible prediction error from the neural network HB 
model could influence this result, but even the highest MAPE (1 % for 
the discharging COP) would not obviously impact the scales of the 
reduction part and the solar & HB part in Fig. 9. 

Besides energy performance, it is also crucial for the homeowner how 
the integration of the HB and solar collector could shape the indoor 
thermal comfort of this building. So the operative temperature in the 

Fig. 8. Predicted values of the HB's charging/discharging COP and thermal 
efficiency in the simulation year. 

Fig. 9. The annual reduction of heating electricity consumption in the detached 
house by the 8 m2 solar thermal collectors and 93 kWh heat battery. 

Fig. 10. Living room operative temperature during occupied hours with and 
without 8 m2 solar thermal collectors and 93 kWh heat battery. 
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living room was also checked during the occupied hours in the simula
tion year based on the acceptable regions proposed by [54]. As shown in 
Fig. 10, the integration of the solar & storage system did not change the 
thermal comfort in the living room when it was occupied. The results 

above indicate the correct implementation of the HB model in 
EnergyPlus. 

Fig. 11. Annual electricity consumptions of different heating system variants in the detached house under Eindhoven and Marseille climate conditions (HB = heat 
battery while WT = water tank). 

Fig. 12. Relationships between storage volume and the electricity reduction per area solar collector and per storage volume in two weather conditions.  

Fig. 13. Duration curves of the charging/discharging powers received/delivered by the HBs in two extreme cases.  
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4.2. The optimal design 

The results of 56 simulations (28 system variants under two different 
climate conditions) for design optimization are shown in Fig. 11. A 
larger storage capacity of the HB leads to lower electricity consumption 
by the heat pump, but this effect is not significant. For instance, in the 
top-right bar chart, the largest storage capacity is almost 12 times the 
size of the smallest one but only brings around a 5 % further reduction. 
However, water tanks show a different trend. The increase in storage 
volumes results in both more digested solar thermal energy and more 
heat loss, especially from the larger area of tank surfaces. The increase in 
solar collector areas also leads to more digested solar thermal energy. 
This is obvious in the results under Marseille climate where around 10 % 
further reduction was provided by the increase of the collector area. But 
as the solar & storage system was turned on more frequently, its own 
electricity consumption also increased. The climate makes a difference 
in the percentage of reduction by the solar & HB systems, as the values 
for Eindhoven were around 10–15 % and those for Marseille ranged 
from 20 to 25 %. In general, a small-scale HB already shows a promising 
potential for digesting solar thermal energy, while the potential of the 
HB is also larger than the water tank in every investigated case. 

Dividing the reduction of annual electricity consumption in all 56 
cases by the area of solar collectors and the storage volume, this study 
got eight trend lines for analyzing the effect of increasing storage volume 
as shown in Fig. 12. In all 56 cases, the storage volume increase from 0 to 
80 l brings a higher electricity reduction per area collector per volume 
than further ones, which indicates that the optimal storage volume in 
the considered range (80–960 l) would be around 80 l but below 160 l. 
The considered two climates do not make an obvious difference in this. 

Although the maximum charging and discharging powers are set as 
the same in all system variants, the usage of them is also valuable for the 
further development of the HB. Two extreme cases were selected from 
all the simulation runs and the duration curves of the charging/dis
charging powers received/delivered by these two HBs were visualized in 
Fig. 13. 

Because the HBs were mostly full during the summer when the 
charging power went up, the received charging powers of both the 23 
kWh and 278 kWh HBs remained below half of the allowed maximum 
value (8 kW) for a rather long duration. This signifies a possible space for 
adjusting the charging power to further compact the small-scale HB and 
improve the efficiency of using its capability. But the curves of dis
charging power showed different shapes. Each range of discharging 
power values lasted for a notable time for both HBs here, which indi
cated a reasonable and efficient usage of the designed capacity. 

5. Conclusion 

This article proposed a novel simulation-based design optimization 
method for solar-driven thermochemical heat storage systems in build
ing applications. The method was demonstrated to assess the perfor
mance of a state-of-the-art closed-loop thermochemical heat storage 
system in a detached house and identified the optimal design of the 
system in two climates. To achieve this, a computationally cheap sur
rogate model is implemented in the Building Energy Simulation pro
gram EnergyPlus by using its API functionality. The model was validated 
by calculating the CV(RMSE) (below 15 %) and MAPE (below 5 %), and 
the implementation was verified by a test simulation run. The simulation 
results show that the HB has the potential for reducing around 0.7–1 
MWh of the electricity consumption for space heating and hot tap water 
by digesting the heat transferred from solar thermal collectors in the 
studied case. The reduction by each considered size of the HB was higher 
than the same-storage-volume water tank, and did not cause any sacri
fice in the indoor thermal comfort. 

The increase in storage volume from 0 to 80 l brings a higher 
reduction of electricity consumption per collector area per storage vol
ume compared to 80 l and above, which implies that the optimal storage 

volume of the HB is around 80 l and below 160 l in the considered range. 
The result also suggests that it is not worthwhile to increase the storage 
volume for achieving seasonal storage in light of the limited space for 
both the heat battery and solar collectors in a detached house, especially 
when compared with the specific benefit of water tanks with the same 
storage volume. The received charging power of the HB did not reach its 
maximum limit for more than 95 % of the duration in considered cases, 
which indicates a possible space for compacting the charging unit of the 
system. All these results suggest that a small-scale HB could be more 
practical than a large-scale one in this type of daily-storage use case 
because of the efficient usage of both the storage capacity and charging/ 
discharging powers. 

The developed methodology can also be used for investigating other 
use cases of the HB. For example, the HB can also be used for shifting the 
peak load on the local grid (heat and electricity), exploiting dynamic 
energy prices, or for using waste heat in the built environment. In 
addition to a detached house, the HB can also be deployed in other types 
of residential buildings, office buildings, as well as a district. The 
investigation of these use cases remains the direction of future work. 
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