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Abstract 

Replacing the widespread use of fossil fuel heating systems in the existing multi-family building stock with 
systems powered by renewable energy is one of the most important contributions to the energy transition in 
Germany. Heat pumps can also be a suitable solution for older buildings, especially in combination with 
photovoltaic systems. Advanced control strategies are needed to optimize the self-consumption rate and reduce 
the load on the electricity grid. Due to the increase in available computing power, artificial intelligence methods 
such as reinforcement learning, which can be used to control (energy) systems, have become very popular in 
the recent years. A literature review was conducted to provide an up-to-date overview of the use of 
reinforcement learning for building energy system control, with a focus on multi-family buildings. Such a 
building with an energy system including a heat pump, thermal and electrical storage, and a photovoltaic 
system was modeled in MATLAB/Simulink. The model is used to investigate typical control strategies as a 
reference and to develop a heat pump control strategy using the MATLAB Reinforcement Learning Toolbox. 
Two reinforcement learning agents with different numbers of observations were trained to control the heat 
pump and studied in annual simulations. Both RL agents provide the required supply water temperature. 
Adding one observation improves the annual reward by 160 %. Nevertheless, a potential to improve learning 
the RL agent switching of the heat pump at times of high bottom storage temperatures was identified. 

Keywords: multi-family building, energy system, optimization, self-consumption, reinforcement learning 

 

1. Introduction 

The decarbonization of the residential building sector is one of the most important contributions to the energy 
transition in Germany. In addition to reducing the energy consumption, especially for heating, through the 
energy renovation of existing buildings, the widespread use of fossil fuel heating systems must be replaced by 
more efficient systems powered by renewable energy. The scenario of a climate-neutral Germany by 2045 
introduced in Prognos et a. (2021) shows a need of in total 14 million heat pumps in the building sector. 

Heat pumps are a highly efficient solution for supplying heat to buildings based on (partially) on-site renewable 
energy, such as rooftop photovoltaic (PV) systems. Bongs et al. (2023) investigated low-exergy concepts for 
multi-family buildings, which account for about 41 % of the living space in Germany (Loga et al., 2015). They 
developed, analyzed, and demonstrated solutions for the efficient use of heat pumps, heat transfer systems, and 
ventilation systems for energy renovations of multi-family buildings. Their results show that by replacing only 
a few radiators in critical rooms (e.g., 2 - 7 % of the existing radiators in their use case), the heat supply 
temperatures can be reduced to 60 °C or less, and therefore, heat pumps can be a suitable solution for heat 
supply, especially in combination with PV systems. 

In order to use most of the electricity generated on site in the building itself and to reduce the load on the 
electricity grid, battery storage is often used to better match demand and generation. As battery storage is still 
expensive, the conversion of electricity into thermal energy via heat pumps and the use of thermal storage can 
provide an even cheaper alternative or additional flexibility to battery storage (Zator and Skomudek, 2020). A 
heat pump in combination with a thermal storage is typically operated in an on/off mode, depending on the 
temperatures in the thermal storage, without considering the PV electricity generation. Sometimes simple rule-
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based approaches are used to increase the PV self-consumption rate. They switch on the heat pump and/or 
increase the set point for the supply water temperature when the PV power exceeds the electricity demand of 
the households. More advanced control strategies using model predictive control (MPC) have also been 
developed, e.g., Kuboth et al. (2019). However, they cannot easily be implemented due to the high effort of 
designing and parameterizing each energy system model required for the variety of existing multi-family 
buildings (Dounis and Caraiscos, 2009). In recent years, the increase in available computing power has led to 
an intense development and exploration of artificial intelligence (AI) approaches for a variety of applications. 
Reinforcement learning (RL) is one of the three types of machine learning that is used for system control 
(Sutton and Barto, 2018). RL agents learn control strategies by interacting with the environment (building 
energy system) and can learn preferences, such as comfort requirements, by interacting with users. This method 
is potentially model-free, meaning that models of the environment are not required, as is the case with mixed 
integer linear programming (MILP) approaches. Forecasts - for weather and heat/electricity demand - are not 
required but can be implemented and will improve the results. (Yu et al., 2020, 2021, Vázquez-Canteli and 
Nagy, 2019) Due to these advantages, RL became attractive for the energy management in residential buildings 
and has been investigated for the control of a variety of building energy (sub)systems. Wu et al. (2018) write 
that reinforcement learning algorithms “…could be promising candidates for home energy management…” 
and Yu et al. (2021) want to “…raise the attention of SBEM [smart building energy management; author’s 
note] research community to explore and exploit DRL, as another alternative or even a better solution for 
SBEM.”. Therefore, this paper investigates an RL approach for controlling the energy system of a 
conventionally energy renovated multi-family building that includes an air source heat pump, thermal storage, 
PV system, and optional battery storage. The focus is on controlling the heat pump according to the 
temperatures in a stratified thermal storage to ensure the required supply water temperatures of the heating 
system, as a conventional controller does. The development of this RL agent will be the basis for further 
developments for the implementation of PV optimization. 

The novelty of this work is the investigation of a multi-family building using a detailed building energy system 
model in MATLAB Simulink in combination with RL algorithms provided by the Reinforcement Learning 
Toolbox of MATLAB (The MathWorks, Inc., 2023) to control heat pump operation. 

In Section 2, an overview of the use and development of reinforcement learning approaches for the control of 
building energy (sub)systems with a focus on residential buildings is given. Section 3 introduces the building 
energy system model developed in MATLAB/Simulink using the CARNOT toolbox (Solar Institut Jülich, 
2022), describes typical control strategies, and shows the development of RL-based heat pump controller using 
the Reinforcement Learning Toolbox (The MathWorks, Inc., 2023). The results of annual simulations using i) 
the typical control strategies and ii) the developed RL-based control strategies are presented and discussed in 
Section 4. A conclusion and outlook are given in Section 5. 

2. Literature Review 

A literature review was conducted to obtain an up-to-date overview of related scientific work and to investigate 
the use of RL for energy systems in multi-family buildings. The most popular databases of the scientific 
journals Science Direct and EIII were analyzed. Keywords used for the research included machine learning, 
deep reinforcement learning, building/home energy management, building energy system, system control, 
building control, smart buildings, smart home, multi-family buildings. The most relevant papers are presented 
here. 

Yu et al. (2021) provide a comprehensive review of publications on deep reinforcement learning (DRL) for 
smart building energy management (SBEM). They also identify existing open issues and suggest possible 
future research directions. A distinction is made between studies on single building energy subsystems, multi 
energy subsystems in buildings, and microgrids. Only six of the 15 publications mentioned for single building 
energy subsystems deal with residential buildings. Three of them examine electric water heaters and another 
three examine heating, ventilation, and air conditioning (HVAC) systems. Their primary objective is to reduce 
energy costs or consumption. Six of the eight publications on multi energy subsystems in buildings deal with 
residential buildings and have energy costs as an objective. Only one of them (Ye et al., 2020) investigates a 
system similar to the one described in this paper (Section 3), but with an additional back-up system of a gas 
boiler. 
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Vázquez-Canteli and Nagy (2019) reviewed reinforcement learning algorithms and modeling techniques for 
demand response, ultimately selecting and summarizing 105 articles. Most of the studies were conducted for 
only one or two (combined) systems, especially for HVAC systems, electric vehicle charging strategies, or 
distributed generators combined with electric storage. They identified HVAC and domestic hot water (DHW) 
systems as one of four major groups of energy systems with significant demand response (DR) potential. 
However, many publications on HVAC systems examine only the reduction of thermal energy demand while 
maintaining thermal comfort for building occupants. None of the publications cited examine a system like the 
one described in Section 3. 

Langer and Volling (2022) study a system configuration identical to the one used in this paper. They transform 
a mixed integer linear program (MILP) into a DRL implementation. Through numerical analyses of self-
sufficiency, they compare the results of a deep deterministic policy gradient (DDPG) algorithm with a model 
predictive controller (MPC) under full information (theoretical optimum) and a rule-based approach. Their 
best DDPG algorithm achieves an overall self-sufficiency of 75 % which outperforms the rule-based approach 
with 66 % and reaches almost the theoretical optimum of 79 %. 

However, the buildings considered in Ye et al. (2020) and Langer and Volling (2022) are very energy efficient 
single-family homes due to their small system dimensions. The investigations there are based on simplified 
linear models developed in previous MILP investigations with time step sizes of one hour, where mass flows 
and temperatures in hydraulic circuits and thermal storages are not considered in detail. 

To the best of the author’s knowledge, there are no studies on the energy system of an energetically renovated 
multi-family building that includes an air source heat pump, a thermal storage, a PV system, and optional 
battery storage that are modeled in detail. In the next two sections, such a model is introduced, the development 
of RL agents for heat pump control is described and results of annual simulations are shown. 

3. Building Energy System Model 

For the simulation of typical control strategies and the development of RL-based control strategies in 
MATLAB/Simulink, a multi-family building was chosen according to the building age category E of the IWU 
building typology of Germany (Loga et al., 2015). There, the large variety of architecture and construction 
methods of the German residential building stock is described, analyzed, and classified. The rough 
classification of the energy quality of the buildings is based on specific parameters. The definition of these 
parameters, the assignment of the buildings to age categories and to the state of renovation, a summary of the 
number of buildings as well as the presentation of typical specifications and energy saving potentials of each 
category are part of this typology. A building in age category E was chosen because it represents 19 % 
(225 million m²) of the total multi-family buildings living space in Germany (1,168 million m²) and is therefore 
the largest category for multi-family buildings. Such buildings were built between 1958 and 1968 and typically 
have 3 to 5 floors with a heated floor area of about 2,850 m² divided into 32 apartments. For each category, 
three types of energy quality are described: the original unrenovated state, a conventional renovated state, and 
a future-oriented renovated state with a calculated space heating energy demand of 145.9 kWh/m²net floor area, 
67.3 kWh/m²net floor area and 42.0 kWh/m²net floor area respectively. According to the results presented in Bongs et 
al. (2023), the conventionally renovated version of this building was chosen for the investigations because the 
heat supply temperatures can be reduced to 60 °C or less, which allows the use of heat pumps for the thermal 
energy supply. 

3.1. Building energy system model 

The investigated building with its heat and electricity demand and the energy system consisting of an air source 
heat pump (hp), a thermal storage, a PV system and, in an extended version, a stationary battery storage was 
modeled in MATLAB/Simulink using the CARNOT toolbox (Solar Institut Jülich, 2022). CARNOT is a 
toolbox extension that provides an open-source library of models for the calculation and simulation of typical 
components of building energy systems in MATLAB/Simulink. The models can be individually parametrized 
or even redesigned due to the open-source code that can be modified. 
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The system configuration modeled for the investigations is shown in Figure 1. 

 

Fig. 1: Investigated building energy system configuration 

 

The multi-family building itself was modeled with the “House simple” block, which uses a single zone building 
model with radiators as the heat transfer system. The parameters (geometry, U-values, etc.) were defined 
according to the data given in Loga et al. (2015) and supplementary data. 

For the internal heat gains caused by the occupants, the occupancy profile given in SIA (2021) was used and 
upscaled to 60 persons. 

The test reference year (TRY) of Ingolstadt provided by the German Weather Service (DWD, 2017) was used 
as input weather data for the simulations as well as for the load profile generation described below. 

The method described in the VDI guideline 4655 (VDI, 2021) was used to generate the household electricity 
consumption profile, which is also used for internal heat gains caused by electrical appliances, and the domestic 
hot water (DHW) consumption profile. The guideline defines 12 typical days according to ambient temperature 
(winter, transition, summer), irradiation (clear or cloudy), and day of the week (workday or Sunday/holiday). 
For each typical day, normalized daily standard load profiles for electricity, DHW and heat consumption and 
PV generation are given in hourly time resolution for existing and low-energy buildings. The sequence of 
typical days and the annual normalized load profiles were determined from the DWD TRY data. The 
normalized profiles were scaled by an annual consumption of 96,000 kWh/a (3,000 kWh/a per household, 
VDI, 2021) for electricity consumption and 61,500 kWh/a (approx. 2,000 kWh/a per household, Loga et al., 
2015) for DHW consumption. 

The DHW hydraulic circuit is modeled in a simplified manner using a freshwater station. The supply water 
mass flow is controlled to match the given DHW load profile at a fixed return water temperature. 

A separate hydraulic circuit is defined for the space heating with radiators. The supply water temperature is 
calculated by a heating curve according to the ambient temperature. The mass flow is controlled by a 
thermostatic valve to maintain the room temperature at 21 °C. 

The ventilation system is included in the building model and ensures a hygienic air exchange with a ventilation 
rate of 0.4 1/h and prevents an overheating of the building in summer with additional ventilation at night. 

To decouple the thermal energy consumption from the heat production and to provide some flexibility in the 
operation of the heat pump, a stratified thermal storage tank is modeled as a hydraulic separator between the 
heat pump hydraulic circuit and the consumer hydraulic circuit. For this purpose, the block “Buffer storage 
tank - type 1” has been modified to provide two consumer hydraulic circuits. Its volume is 8.5 m³, which 
corresponds to approximately 50 l/kW of the heat pump’s thermal power. 

For the heat supply, an air source heat pump with a thermal capacity of approximately 170 kW was modeled 
by a modified version of the “Heat pump” block. The modification removes the (unknown) thermal inertia and 
allows direct control of the supply water temperature. Real data from a heat pump manufacturer was used for 
the parameter set. To provide the DHW preparation, the setpoint for the supply water temperature of the heat 
pump was set to 60 °C. 

 
M. Bachseitz et. al. / SWC 2023 / ISES Conference Proceedings (2023)



To partially cover the electricity demand of the households and the heat pump, a PV system is modeled on the 
south-facing roof of the building. The usable roof area was examined from an existing multi-family building 
in Ingolstadt and is about 215 m², which results in a 65 kWp PV system producing approximately 
65,000 kWhel/a. 

In an extended version for the simulations, a battery storage with a usable capacity of 65 kWh (1 kWhel/kWel,PV) 
is modeled. It is located between the consumers/producers and the electricity grid. The (dis)charging power is 
limited according to the specifications of the battery storage. The control strategy (described in Section 3.2) is 
implemented in the model. The outputs are the state of charge (SOC) and an energy balance showing the 
electricity consumed from and fed into the grid. 

Due to the high complexity of the model described, a variable time step solver was required to solve the 
problem. As a result, the time steps for the model calculation were much shorter than the hourly time resolution 
used in the MILP-based approaches. 

3.2. Typical control strategies 

For the control of the heat pump and the battery storage, typical control strategies have been defined and 
implemented in the simulation model. They are used as a reference. 

Heat pumps in combination with thermal storages are typically operated in an on/off mode depending on the 
temperatures in the thermal storage (basic control strategy) as shown in Figure 2. In this study 55 °C are used 
as setpoint for the heat pump control. 

 

 

Fig. 2: Typical control strategy of heat pump 

 

Sometimes simple rule-based approaches are used to better match the heat pump electricity consumption and 
the PV generation. For example, they increase the set point for the heat pump’s supply water temperature by 
5 K when the PV power exceeds the household’s electricity demand (rule-based PV optimized strategy). This 
results in the heat pump being turned on when it was off, and at the same time, when it is turned on, the 
electricity demand increases due to the increased temperature difference between the heat source and heat sink. 
In the case shown here, the supply water temperature set point is increased when the PV surplus exceeds 
25 kWel, which is about half of the maximum simulated PV power. 

When a battery storage is part of the building energy system, it is typically charged when not all of the 
electricity generated by the PV system is consumed directly by the households and the heat pump, and is 
discharged when the electrical loads exceed PV power. 
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3.3. Development of reinforcement learning based building energy system control 

An RL agent learns an optimal policy by interacting with an unknown environment. In the study presented 
here, the policy is the control strategy for the heat pump to be learned, and the environment is the building 
energy system modeled in MATLAB/Simulink. Interacting in this case means that at each time step, the agent 
receives some information from the building energy system (observations) and decides how to operate the heat 
pump (action) based on the observations and the learned policy. For each action, the RL agent receives a reward 
depending on the defined reward function that evaluates the chosen action. In the learning phase, the policy is 
optimized to obtain the maximum reward over a defined period of time (in this case over the total episode 
length) to optimally perform the required task. The challenge in designing an RL agent is the goal-oriented 
definition of the reward function, the selection of an appropriate RL agent/method with its policy (e.g., deep 
neural network) and learning algorithm (policy optimization), and the parameterization of the hyper-
parameters e.g., sample time, discount factor or learning rate. 

The workflow for setting up an RL-based controller is shown in Figure 3. 

 

Fig. 3: Workflow of setting up an RL-based controller according to The MathWorks, Inc. (2023) 

 

For steps 3) through 6) the Reinforcement Learning Designer application provided by the Reinforcement 
Learning Toolbox (The MathWorks, Inc., 2023) was used. 

1) Formulate Problem 

At the beginning of the RL agent design process, it is necessary to define the task, the way of interaction and 
the objectives. In this study, the objective of the RL agent is to control the heat pump in such a way that the 
thermal storage always delivers temperatures of at least 55 °C to the consumers, as the typical controller 
(Section 3.2) does. The continuous action space (0.2 to 1) is the control signal of the modulating heat pump. It 
is switched off when the control signal is less than the minimum modulation level of 0.3, or switched on when 
it is between 0.3 and 1. It is chosen according to the observation of the top Ttop and bottom storage temperatures 
Tbottom and, in an advanced version, the thermal load for space heating and domestic hot water preparation. 

2) Create Environment 

The environment the agent interacts with is created as a MATLAB/Simulink subsystem and describes the 
building energy system shown in Section 3.1. This subsystem is connected to the RL agent block by the input 
of the control signal for the heat pump and the outputs of the top and bottom temperatures of the thermal 
storage, the thermal load, and the reward. 

3) Define Reward Function 

The reward function is based on the temperatures of the thermal storage. It gives a negative reward r i) if the 
top and bottom temperatures are too low to maintain the heat supply temperature and ii) if the bottom 
temperature is too high to prevent the thermal storage from overheating. In all other cases, the reward r is zero 
or positive. The definition of this region-based reward is shown in the following equations. 

r1 =   -4 if Ttop < 55 °C    (eq. 1) 
r2 =    0 if 55 °C <= Ttop < 57 °C else 3 (eq. 2) 
r3 = -16 if Tbottom > 58 °C    (eq. 3) 
r4 =   -6 if 58 °C >= Tbottom > 53 °C  (eq. 4) 
r5 =    2 if 53 °C >= Tbottom >= 45 °C else -5 (eq. 5) 

At each time step t the reward rt is calculated: 

rt = r1+r2+r3+r4+r5     (eq. 6) 

This reward function is implemented in the MATLAB/Simulink subsystem that contains the building energy 
system model. 

1) Formulate
Problem

2) Create
Environment

3) Define
Reward

4) Create
Agent

5) Train
Agent

6) Validate
Agent

7) Deploy
Policy
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4) Create Agent 

An RL agent contains two components: the policy, represented by a function approximator (e.g., artificial 
neural networks), and a learning algorithm that optimizes the policy based on the chosen actions, observations 
from the environment, and rewards. Both depend on the type of agent. 

The RL Designer application offers six types of agents: 

 Deep Q-Network (DQN) 

 Deep Deterministic Policy Gradient (DDPG) 

 Twin-Delayed Deep Deterministic (TD3) 

 Proximal Policy Optimization (PPO) 

 Trust Region Policy Optimization (TRPO) 

 Soft Actor-Critic (SAC) 

When creating an RL agent, the RL Designer application only suggests agent types that are compatible with 
the environment being created. In this case, the Soft Actor-Critic (SAC) is chosen because it is model-free and 
can handle continuous action spaces. Values between 0.2 and 1 are defined as the action space for the control 
signal of the heat pump. In contrast to the time variable step size of the model solver, the RL agent requires a 
fixed time step size for its actions. As a trade-off between high temporal resolution of the RL agent actions 
and an acceptable computation time, a sample time of 600 seconds was chosen. 

Two agents were created to explore the influence of the number of observations on the performance of the 
learned policy. The first receives only the two temperatures of the thermal storage as observations, while the 
second also observes the thermal load for space heating and domestic hot water preparation. 

5) Train Agent 

The agents were trained for a maximum episode length of three winter days. The rewards are cumulated over 
a whole episode. The stopping criterion for the leaning process was the average reward of the episodes. So, 
when the average reward over a defined number of episodes is not improving significantly the training will be 
stopped. 

6) Validate Agent 

After training the agent, its learned policy was evaluated in an annual simulation. The results are presented in 
Section 4. 

7) Deploy Policy 

As a final step in the RL agent design process, the learned policy can be transferred to real controllers by 
generating appropriate code. This paper focuses on a simulation-based investigation; therefore, this step was 
skipped. 

4. Results and Discussion 

The building energy system model described in Section 3.1 was used to run simulations with different control 
strategies for the heat pump. The simulation results are presented in the following subsections. 

4.1. Simulation of typical control strategies 

As a reference, the typical on/off strategy based on the temperatures of the thermal storage described in 
Section 3.2 (basic control strategy) was simulated with and without stationary battery storage. The calculated 
annual electricity consumption of the heat pump is 90,250 kWhel/a. It provides 230,500 kWhth/a of heat with 
an annual coefficient of performance (COP) of 2.555. The monthly distribution for the electricity consumption 
of the heat pump and households is shown in Figure 4. 
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Fig. 4: Monthly distribution of total electricity consumed, broken down by heat pump and households 

The monthly over all electricity consumption varies between 5.3 MWh in July and 26.6 MWh in January. 
Comparing the monthly distribution of the electricity consumption with the PV generation (Figure 5), it is clear 
that there is a PV surplus in summer and a shortage of self-generated electricity in winter. 

 

Fig. 5: Monthly distribution of PV electricity generation, broken down by self-consumption and grid feed-in 
for basic control strategy 

For the variant without battery storage, the simulation results (Figure 5 and Table 1) show a higher annual self-
consumption rate (48.1 %) and a lower annual self-sufficiency (16.7 %) compared to conventional single-
family buildings (Quaschning, 2022) or a net-zero energy single-family building (both approx. 37 %, Milan et 
al., 2012). This is due to the higher electricity demand compared to the size of the PV system. In the winter 
months, up to 80 % of the monthly generated PV electricity is self-consumed, while in summer months up to 
70 % has to be fed into the grid (Figure 5). Even in an ideal case (infinite capacity of the battery storage), only 
about 1/3 of the total electricity consumption can be covered by the PV system. 

By implementing battery storage, the annual self-consumption rate and self-sufficiency can be increased by a 
factor of about 1.5, and the grid consumption and feed-in can be reduced. The monthly self-consumption rate 
can be increased up to 100 % in winter. 
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Tab. 1: Simulation results 

Simulation Variant Basic Control PV Optimized 
 without with without 

Performance Indicator Battery Storage Battery Storage 

Self-consumption rate in % 48.1 72.2 49.3 

Self-sufficiency in % 16.7 25.1 17.1 

Electricity demand of heat pump in kWh 90,250 90,511 

Annual coefficient of performance 2.555 2.547 

Electricity consumption from grid in kWh 155,192 139,564 154,620 

Electricity feed-in into grid in kWh 33,577 17,949 32,744 

 

Instead of implementing battery storage, the rule-based PV optimized strategy described in Section 3.2 was 
tested. The simulation shows only very small improvements of about 2.5 % for the self-consumption rate and 
self-sufficiency compared to the basic control strategy. One reason for this is that, in the on/off mode, the 
electric power consumed by the heat pump is always higher than the surplus of PV power, which leads to 
electricity consumption from the grid. Therefore, a modulating operating mode is necessary to improve the 
match between the surplus and the heat pump’s electricity demand and should be considered in the 
development of RL approaches. The second reason for only very small improvements is that the high PV 
electricity surplus in summer cannot be shifted to cover the household’s electricity consumption in the evening 
and at night, as a battery storage can do. Therefore, even with more advanced control strategies for the heat 
pump, battery storage should be used. 

The simulation results shown here will be used as a reference for comparison with more advanced RL-based 
strategies that will be developed based on the RL agent introduced in Sections 4.2 and 4.3. 

4.2. Design and training of reinforcement learning based heat pump control 

During the initial learning process, high temperatures in the bottom storage tank caused an infinite mass flow 
between the heat pump and the thermal storage, resulting in a training termination. To ensure that the agent 
can explore actions that lead to high bottom storage tank temperatures and high negative rewards without 
terminating the learning process, an additional controller was implemented in the environment. It turns off the 
heat pump when the bottom storage tank temperature exceeds 58 °C, even if the action chosen by the RL agent 
is the opposite. This approach allows the agent to learn a policy that avoids too high temperatures in the bottom 
storage tank. 

Two RL agents were trained with different numbers of observations. Figure 6 shows the episode reward (light 
blue line) and the average of 5 episodes (dark blue line) for both trainings. The increasing rewards from episode 
to episode show a good improvement of the policy. In both cases, the stopping criterion is met after only eleven 
episodes with an episode reward of about 1,880. So, the learning process itself is obviously not improved by 
an additional observation. 

 

Fig. 6: Episode reward during learning process of RL agent with two observations (left) and three observations (right) 
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Due to the different thermal loads, especially for space heating, in winter and summer, it was tested to train 
the RL agent for an additional summer period of three days. However, this resulted in decreasing rewards, so 
the policy learned for winter only was used for the annual simulations presented in Section 4.3. 

4.3. Simulation of reinforcement learning based heat pump control 

The annual simulations show similar electricity consumption from and feed-in into the electricity grid 
compared to the basic control strategy, which was expected since there is no PV optimization implemented 
yet. 

Both RL agents can always provide the required supply water temperatures. However, the analysis of the 
annual positive and negative rewards earned by the two agents (Table 2) shows that in an identical environment 
and with an identical reward function, adding one observation can improve the operation of the heat pump to 
better meet the temperature constraints implemented in the reward function, even though the training itself did 
not show any improvement. 

Tab. 2: Comparison of gained annual rewards 

Reward 
2 

Observations 
3 

Observations 
Improvement 

absolute 
Improvement 
relative in % 

Positive 2,436,545 3,361,755 925,210 38.0 

Negative -1,530,056 -1,011,139 518,917 33.9 

Sum 906,489 2,350,616 1,444,127 159.3 

 

Including an additional observation can increase the positive annual reward by 38.0 % and reduce the negative 
annual reward by 33.9 %. In total the reward increases by 159.3 %. 

The intervention of the additional controller, which switches off the heat pump when the bottom storage tank 
temperature exceeds 58 °C, was also analyzed. The total intervention time of the controller and the number of 
interventions were calculated for both agents (Table 3). 

Tab. 3: Analyses of the intervention of the additional controller 

 2 Observations 3 Observations 

Total intervention time in h 53.1 74.4 

Number of interventions 80 105 

 

The additional controller only needs to intervene for up to approximately 75 hours, or 105 times per year. The 
average intervention time is less than one hour. Most of the interventions take place in summer when the 
thermal load is low. This is consistent with the results of the additional summer period training (Section 4.2). 
Thus, there is a potential for further improvement in learning the agent switching of the heat pump at times of 
high bottom storage temperatures. 

One solution is to modify the heat pump model. The fixed heat pump output temperature of 60 °C used in this 
simulation causes the infinite mass flow when the thermal storage is fully charged at 60 °C (Section 4.2). 
Therefore, using a variable output temperature depending on the return water temperature may be a promising 
approach to allow the RL agent to better learn to switch off the heat pump at high storage temperatures even 
without the intervention of the additional controller. 

5. Conclusions and outlook 

A review of the literature showed that most of the publications investigating RL approaches for building energy 
(sub)systems have been carried out for only one or two (combined) systems and have the reduction of energy 
costs or consumption as their primary objective. Only two publications use system configurations like the one 
investigated here. However, the models were developed for energy efficient single-family homes and are based 
on simplified linear models with time steps of one hour, which is a coarse time resolution for building energy 
system control and not suitable for detailed models. Also, mass flows and temperatures in hydraulic circuits 
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and thermal storages are not considered in detail. However, it is very important to consider the temperature 
distribution in the thermal storage because its thermal capacity is highly dependent on it, and the efficiency of 
the heat pump is influenced by the output temperature. Therefore, the detailed model used here provides more 
realistic results. 

A detailed model of a multi-family building energy system was developed in MATLAB/Simulink using the 
CARNOT toolbox (Solar Institut Jülich, 2022). Typical control strategies were used for an annual simulation, 
which will serve as a reference for future RL agent developments implementing PV optimization. 

The Reinforcement Learning Designer application of the Reinforcement Learning Toolbox (The MathWorks, 
Inc., 2023) was used to design and train two RL agents for the heat pump control. One agent receives only two 
storage tank temperatures as observations, while the other agent also observes the thermal load of the building. 
The RL agents were trained to provide the required supply water temperature of at least 55 °C to the consumers, 
as the typical controller does. 

Annual simulations show that both RL agents can always provide the required supply water temperature. The 
annual reward of the RL agent using three observations instead of two increases by about 160 %, so the control 
strategy can be significantly improved by adding one observation. 

The analysis of the additional controller that prevents too high bottom storage temperatures shows that it only 
intervenes up to 75 hours per year, mostly in summer, which is a satisfactory result. However, there is potential 
to improve learning the agent switching of the heat pump at times of high bottom storage temperatures e.g., by 
modifying the heat pump model. 

With a well-trained reinforcement learning agent that satisfies the temperature constraints in the thermal 
storage, the next step is to design an agent that takes into account the PV electricity generation to control the 
heat pump to increase the self-consumption rate. Therefore, PV electricity generation and household electricity 
consumption need to be added to the observations, and electricity exchange with the grid needs to be 
implemented as a criterion in the reward function. The challenge in designing the reward function will be the 
weighting of the two objectives, the required temperatures in the thermal storage, and the reduced electricity 
exchange with the grid. 
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