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Abstract: This study aims to develop a controller to operate an energy system-consisting of a
photovoltaic thermal (PVT) system combined with a heat pump, using the reinforcement learning
approach to minimize the operating costs of the system. For this, the flow rate of the cooling fluid
pumped through the PVT system is controlled. This flow rate determines the temperature increase of
the cooling fluid while reducing the temperature of the PVT system. The heated-up cooling fluid is
used to improve the heat pump’s coefficient of performance (COP). For optimizing the operation costs
of such a system, first an extensive simulation model has been developed. Based on this technical
model, a controller has been developed using the reinforcement learning approach to allow for a
cost-efficient control of the flow rate. The results show that a successfully trained control unit based on
the reinforcement learning approach can reduce the operating costs with an independent validation
dataset. For the case study presented here, based on the implemented methodological approach,
including hyperparameter optimization, the operating costs of the investigated energy system can be
reduced by more than 4% in the training dataset and by close to 3% in the validation dataset.

Keywords: PVT; reinforcement learning; solar-assisted heat pump; control approaches; operating
cost analysis

1. Introduction

Photovoltaic-thermal (PVT) systems-an extension of “classical” photovoltaic (PV)
systems-can provide both electrical energy and low-temperature heat at different temper-
ature levels, depending on the given environmental parameters, such like current solar
irradiation and ambient temperature. By varying the flow rate of the cooling fluid pumped
through the cooling structure of the PVT system, the temperature level of this cooling
fluid can be controlled. Consequently, the efficiency of an attached heat pump assumed
to be installed together with such a PVT systems can be increased. As a consequence, the
provided thermal energy of a system or building can potentially be provided at lower
operating energy costs. To be able to better utilize and incorporate the advantages of PVT
systems into energy systems is of great relevance for the impact of PVT systems.

Since both the environmental parameters (e.g., solar radiation, ambient temperature)
as well as the demand characteristics (e.g., space heating, domestic hot water, electricity)
for energy systems are typically volatile, “classical” on-off control concepts of the flow rate
of PVT systems cannot explicitly respond to fluctuations in energy supply and demand in a
most cost-efficient way. In parallel, variable flow rates can add value to PVT systems [1–3].
Thus, a controller development is necessary to realize variable flow rates in a most cost-
efficient way. Therefore, a reinforcement learning (RL) approach is applied to control the
flow rate related to the volatile energy supply and demand characteristics.

This approach aims to enable a control decision regarding an advantageous flow rate de-
pending on measurable variables of the combined PVT-heat pump-system under investigation.

In such a reinforcement learning approach, measurable variables or observations of
a system are collected and transmitted to a control unit called “agent”. This agent uses,
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in most cases, a trained artificial neural network (ANN) to select an appropriate action
based on these observations and returns this selection to the system. After performing the
respective action, the agent receives a feedback, called a reward, from the system. The ANN
corresponds to the agent’s policy being the core of the RL approach. The goal of this RL
approach is to enable the agent to choose a beneficial action for the particular system under
consideration (i.e., to maximize the reward). This goal can be achieved by an extensive
training of the ANN and thus the agent’s policy. The advantage of such an approach is that
no prior knowledge about the system to be controlled is needed and by trial and error a
policy for maximizing the reward can be learned.

Existing Studies

The technology of PVT systems has already existed for several decades [4,5]. However,
it was not until the sharp price drop in the module prices for photovoltaic (PV) systems in
the past decade that the installation and application of PVT systems moved into a realistic
economic range to gain step by step increasingly higher market shares.

Several review papers summarized the given possibilities to vary the performance
of PVT systems [6–11]. Possible improvements in electrical and/or thermal yield through
adjustments in cooling structures [12–16] or by varying the cooling fluid [17,18] have
also been investigated. Some studies also addressed the impact of the flow rate on the
performance of PVT systems [1], through absorber type variation [19,20], the addition of
phase change materials [21], the usage of nanofluids [2] or the combination with domestic
hot water tanks [22] or hydrogen production [23]. Such a variable flow rate in PVT systems
shows two possible effects: first, an increased electrical yield of the PVT system and second,
a controllable temperature level of the cooling fluid [24].

Individually, both effects are typically of minor importance for the overall perfor-
mance of a PVT system. However, in combination with a heat pump assumed here, the
temperature level of the cooling fluid might significantly influence the overall system
performance [25]. This is due to the fact that the heat pump’s coefficient of performance
(COP) increases by raising the temperature level on the cold side using low-temperature
heat from the PVT system (i.e., the heated up cooling fluid) [26,27].

Some studies have also considered combined PVT-heat-pump-systems. A fixed flow
rate with a “classical” on-off control has mainly been realized within these systems. The
results of these papers [28–31] consistently show positive results for the interaction of the
two technologies. It is suspected that variable flow rate control can further increase the
effectiveness of the interaction between PVT and heat pumps.

Reinforcement learning (RL) is a possible control approach. Ever since the success
of AlphaGo in 2015 [32], due to the increased computational capacity available in recent
years, this machine learning approach has generated increased interest. Even though this
method is most commonly used for gaming and image processing, initial research on the
application of RL approaches in energy systems has been published in recent years.

One study linking the reinforcement learning approach to PVT systems has taken
control of energy flows between the individual components of an energy system showing
positive results [33]. Other studies have also assessed the potential of the RL approach
for control tasks in various energy systems (e.g., [34–38]). However, some studies show
the risk of affecting comfort for occupants of the respective buildings studied. A flow rate
control of PVT systems based on the RL approach has not yet been investigated.

To sum up, the current literature shows promising approaches for PVT systems with
a variable flow rate and their potentials in integrated energy systems. This is especially
true for the joint installation of a PVT system with a heat pump. Approaches for an
automated control of the flow rate of PVT systems indicate a certain potential as well. An
adaptive method such as reinforcement learning can be the link for an efficient integration
of an automated control of such a PVT system in various applications, especially under
individual as well as stochastic conditions. Thus, the combination of these two topics—PVT
and reinforcement learning—promises to be an exciting area of research. Consequently, this
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paper investigates a reinforcement learning approach for flow rate control in an integrated
PVT-heat-pump system.

2. Methodological Approach

This paper aims to present a methodological approach to train a controller, based on
the reinforcement learning (RL) approach, to reduce the operating costs of a PVT-heat-
pump system by varying the flow rate through the PVT collectors and comparing to a
reference controller. Accordingly, the objective can be divided into two parts; one part is
the development of a controller based on reinforcement learning and the other part is the
demonstration and quantification of the operational cost reduction using the previously
developed controller. The methodological approach to achieve this objective is presented
in Figure 1.
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Figure 1. Methodological approach to compare operating costs between a reference control and a
reinforcement learning control.

The methodological approach is divided into the following steps.

• First, the energy system under investigation (here: a combination between a PVT
system and a heat pump) is modelled. Then, a reference control with a constant
flow rate is implemented into this model and the overall energy system is simulated.
Afterward, the operating costs for this system to meet the electricity, space heating
and domestic hot water demands are determined.

• Second, to develop a controller for a system operation with variable flow rates, the
reinforcement learning agents are trained and the respective hyperparameters are
determined using Bayesian optimization. The trained reinforcement learning agents
are afterwards validated with a new dataset of external data.

• Third, a trained agent is implemented as a control unit and the overall model is
simulated again. Then, the operating costs for the simulation results based on the
reinforcement learning based control to meet the electricity, space heating and domestic
hot water demands are determined.

• Finally, the operating costs for the simulation are compared with a reference control
and with the reinforcement learning based control. If the reinforcement learning agent
ensures lower operating costs than are achieved with the reference control, the entire
methodological approach is evaluated as successful.

Below, the model development of the PVT-heat-pump-system is presented first. Then
the controller development with the reinforcement learning approach and the hyperparam-
eter optimization is described.
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2.1. Model Development

The energy system under investigation is divided into a technical model consisting
of a PVT model and a heat pump model as well as an operating cost model. The overall
system model was designed as a quasi-stationary model with variable time step sizes using
commercial software [39]. The overall system model is shown in Figure 2.
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Figure 2. Overall energy system model consisting of the technical model with a PVT model and a
heat pump model as well as the operating cost model.

2.1.1. Technical Model

The technical model represents a PVT and a heat pump model including their interac-
tion. The interaction consists of the increase of the temperature level on the cold side of the
heat pump, due to the temperature increase of the cooling fluid from the PVT system, as
well as the volume flow available at this temperature level.

PVT Model

The PVT model simulates the operational behavior of a PVT system (for details
see [24]). It consists of three sub-models, an irradiation model, an electrical model and a
thermal model. This model approach was validated based on measured data from a test
stand for PVT collectors. The required input parameter as time series are solar irradiance,
ambient temperature, and wind speed. Static parameters such as the capacity of the PVT
system and the orientation and inclination are also entered into the model. The outputs
are the PVT collectors’ electrical power, the volume flow of all PVT collectors, and the
respective fluid temperature. By modeling the thermal inertia of the PVT collector, different
time step sizes can be simulated.

Heat Pump Model

The model describes a commercially available brine-to-water heat pump in the single-
digit kW-range for space heating and domestic hot water supply for single-family houses [40].
The input values are the volume flow of all PVT collectors of the system, the fluid tempera-
ture after passing through the PVT collectors, the given brine temperature and the respective
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space heating and/or domestic hot water demand. Electrical power is required to operate
this heat pump to meet these energy demands.

For space heating demand, the supply temperature demanded by the heating circuit
to meet the given heat demand depends on the ambient temperature and is calculated
according to Equation (1). Theat,supply equals the supply temperature of the heating circuit
and Tambient describes the ambient temperature. The gradient of this dependency of the
supply temperature on the ambient temperature is assumed to be 0.4.

Theat,supply = 35 ◦C− 0.4◦Tambient (1)

The heat pump’s electrical and thermal performance values for different source and
sink temperatures, provided by the data sheet of the simulated heat pump, are included
as parameters in the model. This is followed by a calculation of the average source
temperature for the required mass flow of the heat pump (Theat pump,source) by mixing the
PVT flow rate (mPVT) with the corresponding fluid temperature (TPVT,out) and the assumed
brine temperature (Tbrine) with the additional required mass flow of brine (mbrine), provided
via borehole heat exchangers (Equation (2)).

Theat pump,source =
TPVT,out

◦ .
mPVT + Tbrine

◦ .
mbrine

mPVT + mbrine
(2)

Since the required volumetric flow rate on the cold side of the heat pump depends on
the average source temperature resulting from mixing, an iterative procedure is used to
determine both the average source temperature and the required volumetric flow rate of
the heat pump. At the same time, the electrical and thermal power of the heat pump at the
respective time step is determined according to the average source temperature resulting
from mixing and the corresponding coefficient of performance (COP).

An on-demand approach is used to cover the demand for space heating and domestic
hot water in the energy system model considered here. Therefore, the heat pump must
provide the demanded thermal outputs in each time step.

2.1.2. Operating Costs Model

In the operating cost model, the ongoing operating costs per time step are calculated
from the point of view of the operator of the PVT-heat-pump-system resp. the building
where this system is integrated, i.e., the own use of the PVT electricity is evaluated positively,
since this reduces the amount of electricity purchased from the public grid. In this model,
only the operating costs are considered, i.e., the electricity production costs of the PVT
electricity are assumed to be zero. The grid electricity tariff, the heat pump tariff (if
available) and the feed-in tariff (if available) for the PVT electricity are needed as external
input parameters.

In the first step of the operating cost model, electricity production and demand are bal-
anced. Electricity provided by the PVT system is used according to the following priority.

• Circulation pump to set the flow rate falls under the PVT system’s own demand, as
meeting this demand is necessary to gain the low-temperature heat.

• Electricity demand of the system/building, as meeting this demand is usually more
expensive than meeting the electricity demand of the heat pump.

• Electricity demand of the heat pump.
• Electricity sold to the public grid.

The respective electricity demands are multiplied proportionally by the assumed
tariffs to obtain the ongoing operating costs (Equation (3)).

Coperating = CGrid EGrid,Elec. + (CFeed−in − CGrid) EPVT,Elec. + CHP EGrid,HP + (CFeed−in − CGrid) EPVT,HP − CFeed−in EPVT,surplus (3)
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CGrid equals the electricity price for purchase from the public grid, CFeed−in describes
the feed-in tariff, and CHP represents the heat pump electricity tariff. In addition, EGrid,Elec.
equals the electricity purchase from the grid to cover the electricity demand, EPVT,Elec.
describes the self-consumption of the PVT electricity, EGrid,HP represents the electricity
purchase from the grid to cover the heat pump electricity demand, EPVT,HP equals the
self-consumption of the heat pump PVT electricity, and EPVT,surplus describes the excess
PVT electricity fed into the public grid.

The output are the operating costs of the respective time step. These serve as rewards
for the reinforcement learning approach explained below. If the operating costs per time
step are added up over all time steps, the operating costs of the respective episode under
consideration are obtained, representing the benchmark for the reinforcement learning
agents to be trained.

2.2. Controller Development

The controller development is divided into the reinforcement learning approach and its
training process as well as the hyperparameter optimization using Bayesian optimization.

2.2.1. Reinforcement Learning

Reinforcement learning (RL) is a machine learning approach where an agent inde-
pendently learns a policy through trial and error by maximizing rewards received. This
approach is used to control the flow rate through the PVT collectors to reduce the operating
costs of the overall system. Therefore, measurable variables (observations) of the modelled
system are transferred to a control unit (agent). In this control unit, these measured vari-
ables are processed, and a decision (action) is made regarding the flow rate to be set for
the PVT system. This decision on the flow rate influences the resulting operating costs and
the state of the PVT-heat-pump-system. Thus, a value can be assigned to these changes
representing the reward for the PVT-heat-pump system for the chosen decision depending
on the previously measured variables of the system.

In the following, the used reinforcement learning (RL) terms are defined. Then the
RL agent type is introduced, followed by a description of the components of its artificial
neural network (ANN).

Figure 3 shows the main components of the reinforcement learning approach. The
relevant components are the environment and the agent linked via the state, the action and
the reward.

• Environment. The environment corresponds to the model of the overall energy system
described earlier. Variables of this model are shared as states with the agent.

• State. The state describes the observed properties of the environment, passed to the
agent as scalars. They form the input for the agent’s ANN. For example, a possible
state could be the ambient temperature.

• Agent. The agent represents the core of the reinforcement learning approach. It depicts
the policy of the control system. By using an ANN as a function approximator of the
control system, the states of the environment are mathematically transformed into an
action as output of the ANN.

• Action. The action corresponds to the output value of the ANN or the agent. In the
system under investigation, it is the selected flow rate for the PVT collectors.

• Reward. The reward describes the feedback of the environment to the agent after a
selected action has been performed. An example is the negative operating cost per
time step. The goal for the agent is to maximize the reward over a period of time steps
called an episode (e.g., a month or a year).
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A variety of different agent types are available and are divided into policy-based and
value-based agents. The agent type used here is the value-based Deep Q-Network (DQN)
agent, which trains an ANN to estimate the reward of a selected action. The DQN agent, as
a variant of Q-learning, was chosen due to its successful implementation in problems with
complex and high-dimensional environments. Moreover, DQN agents are highly sample-
efficient. A continuous observation space and a discrete action space are implemented for
the DQN agent. This type of agent is characterized by the properties model-free, online
and off-policy.

• Model-free means that the agent’s reward can be explicitly computed.
• Online means that the agent learns from its own accumulated experience by interacting

with the environment.
• Off-policy means that the agent can learn the optimal policy independently of the

action currently being performed.

After each simulated time step, the tuple of the state, action, reward, and subsequent
state is stored in the experience buffer. A random collection of such stored tuples, called
mini-batches, is then taken from the experience buffer and used to update the weights
of the ANN. Here, a one-step minimization of the loss function is performed over all the
tuples of the mini-batch (Equation (4)). L is the loss function, which is the summed squared
deviation over all M mini-batches from the value function target y, obtained as a reward
from the environment, to the value function target Q, obtained by the existing ANN when
applying state S and action A [41]. After updating the policy/weights of the ANN, the
next time step is simulated until the end of a training episode is reached.

L =
1
M

M

∑
i=1

(yi −Q(Si, Ai|φ))2 (4)

The ANN of the DQN agent in this study is composed of the Long Short-Term Memory
(LSTM) layer and the Fully Connected layer.

• LSTM layers represent a special type of layer enabling the efficient processing of data
from time series [42]. This type of layer is able to handle the data in the form of time
series of environmental parameters as well as the demand curves of the investigated
energy system.

• The Fully Connected layer represents the classical framework of an ANN. Different
activation functions can basically be used in each layer of the ANN. Here, the Rectifier
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Linear Unit (ReLU) is used, allowing negative values to pass on with zero and positive
values to pass on unchanged.

2.2.2. Hyperparameter Optimization

Hyperparameters represent superordinate variables or settings remaining constant
throughout an entire training process. Although these hyperparameters have an enormous
influence on the training success of the respective agents, their values are often selected
based on the user’s experience. In this case, however, hyperparameter optimization is
performed using Bayesian optimization [43,44], which are chosen because it is very efficient
in evaluating a cost-intensive objective function (due to the training time of an agent of the
RL approach). The objective function is hereby the cumulated reward over an episode (e.g.,
the operational costs).

Since the optimal hyperparameter set for the maximization of the objective function is
not known, it must be approximated over the solution space of the hyperparameters. For
this purpose, a model of the solution space (all variable hyperparameters) is created via
a surrogate function. Based on the iterative determination of the objective function on a
hyperparameter set, the expected maximum of the surrogate model is determined via an
acquisition function suggesting promising hyperparameter configurations for evaluation.
This point in the solution space is then taken for the next iteration (i.e., the next training),
where each iteration of the Bayesian optimization trains one agent at a time. The goal
here is to determine the values of each hyperparameter with which the training of the
ANN is successful. The methodological procedure for the Bayesian optimization with the
underlying levels of reinforcement learning training process and energy system simulation
is shown in Figure 4.
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n

i

Figure 4. Methodological procedure for hyperparameter optimization, where i is the number of itera-
tions for hyperparameter optimization and n is the number of training episodes of each reinforcement
learning training process.

For the Bayesian optimization, all relevant adjustable hyperparameters are used. In
this respect, it hyperparameters of the training process and hyperparameters of the utilized
ANN (number of hidden units in applied layers and the section depths of fully con-nected
layers) can be distinguished. All varied hyperparameters are briefly explained below.

• Number of training episodes describes over how many completed time periods
(one episode) the ANN should be trained. This equals the stop criteria for each iteration.

• Number of hidden units in the LSTM layer equals the number of LSTM cells in the
implemented LSTM layer here.

• Number of hidden units in each of the possible fully connected layers equals the
number of neurons in each fully connected layer of the implemented ANN.

• Learning rate describes the respective factor for updating the weights of the neurons.
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• Section depth specifies the number of fully connected layers for the ANN in each
iteration step of the Bayesian optimization.

• Sequence length for the time series in the LSTM layer describes how many elements
of the time series under consideration are used in the ANN.

• Size of the mini-batch describes how many tuples from state, action, reward and
subsequent state are used for updating the loss function.

• Length of the experience buffer describes how many of these tuples are stored.
• Discount factor describes how much future rewards should be included in the

current reward.

The Bayesian optimization is performed using a training dataset. The agents trained
during the hyperparameter optimization are saved if their summed reward (which corre-
sponds to the negative operating cost of the training episode) is higher than the reference
operating cost of the training dataset.

Afterwards, the agents trained in this way are applied to a validation dataset without
further training. Here, the annual operating costs are also determined and compared to
the reference operating costs of the validation dataset. The training of the agents and the
controller development based on reinforcement learning can be considered successful if
trained agents show a reduction in the operating costs for both datasets used.

3. Framework and Datasets

First, the framework assumptions for the energy system under investigation are
presented, then the reference control and reinforcement learning (RL) control framework,
and finally the framework for controller development, including datasets for training and
validating the RL control.

3.1. Definition of Energy System

Figure 5 shows the energy system under investigation with all relevant technolo-
gies. The circulation pump is the element to be operated by the reinforcement learning
based control.
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Figure 5. Energy system under investigation—Installation of PVT collectors, a brine-to-water heat
pump and a borehole heat exchanger for the provision of a constant brine temperature. The circulating
pump is actively operated by the two control approaches studied here.

The assumptions for the energy system shown in Figure 5 for the single-family house
(SFH) assessed here are presented in Table 1. The selected values are typical for the size of
PVT systems in SFH and correspond here to 20 PVT modules with 280 W electrical power
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each. The single-family house assumed here represents an average SFH for Germany with a
construction year of 2016 and after, with energy demand and the respective electricity tariffs
selected accordingly [45]. The capacity of the heat pump is also selected to correspond to
the energy demand of the SFH. All energy system assumptions made apply to both control
approaches implemented in this work.

Table 1. Assumptions for the modeled energy system, for the single-family house (SFH), and
electricity tariffs.

Energy System Value Unit Single-Family House Value Unit Tariffs Value Unit

PVT capacity installed 5.6 kW Living space of the building 187 m2 Public grid tariff 0.31 €
Orientation 0 ◦ Space heating per area 45 kWh

m2 a
Heat pump tariff 0.22 €

Inclination 30 ◦ Occupancy 3 Person Feed-in tariff 0.07 €
Heat pump capacity installed 6 kW Electricity demand per person 1750 kWh

Person a

Brine temperature 10 ◦C Domestic hot water demand
per person 500 kWh

Person a

3.2. Definition of Reference Control

For the reference control, static conditions are assumed to activate the circulation
pump for the PVT collectors and maintain the cooling fluid’s flow rate. That means that the
circulation pump for the cooling fluid is switched on, when the solar radiation on the surface
of the PVT module and the difference between the temperature of the PVT collectors and
the inlet temperature of the cooling liquid exceed 3 K. If one of these two static conditions
is not met, the circulation pump is switched off. If both static conditions occur, a constant
flow of 30 L/h per PVT collector is set. This is a typical value for the flow rate of PVT
collectors and typically shows a good balance between the electrical and thermal yield [28].
A constant brine temperature of 10 ◦C (ground water temperature) is assumed for the
cooling fluid pumped through the PVT collectors and for mixing of the volume flow of the
heat pump.

3.3. Definition of Reinforcement Learning (RL) Control

The control approach based on reinforcement learning does not impose any static
conditions. The agent should select beneficial actions purely from the rewards provided by
the modeled energy system. The action space consists of seven discrete flow rates between
0 L/h and 90 L/h in 15 L/h increments and it is assumed that a corresponding circulator
pump can easily and immediately set the appropriate flow rates.

The agent’s observations of the environment/model are shown in Table 2. Thus,
environmental parameters such as solar irradiance and ambient temperature, electricity
demand, and calendrical values are passed to the agent. The agent’s artificial neural
network processes these observations into an action and then receives the reward for this
action from the environment. In this case, the reward function is given in Equation (3)
of the operating cost model. The cumulative reward over all time steps of an episode
then represents the decisive value for the evaluation of the reinforcement learning based
control approach.

Table 2. Agent’s observation of the environment.

Observation Unit

Direct solar irradiation W
m2

Diffuse solar irradiation W
m2

Ambient temperature ◦C

Wind velocity m
s

Electricity demand kWh
h

Hour of the day −
Day of the year −
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3.4. Framework Controller Development

Based on the methodological approach, two different datasets are required for the
development of the reinforcement learning control. These datasets are consequently called
the training dataset and validation dataset. Both datasets consist of the same parameters as
the agent observations (Table 2) and the hourly demand for space heating and domestic
hot water.

The training dataset includes environmental parameters such as weather data for
Hamburg, Germany from 2018 and synthetic load curves of the described single-family
house and its electricity, space heating and domestic hot water demand. These load curves
were generated using VDI 4655 representing average and thus smoothed load curves [46].
To increase the training speed, the data were taken according to the central week of each
month of 2018 and the training was performed with this shortened, 12-week, period.

The validation dataset contains the same parameters as the training dataset. The
weather data for the location Hamburg for the validation data set are from the year 2017.
The environmental parameters for both years (2017 and 2018) are based on [47,48]. To
obtain a difference of the load curves of the training dataset, the data for space heating
and hot water demand for the validation dataset and the year 2017 were taken from [49].
The electricity demand comes from a dataset consisting of the actual measured electricity
loads of 74 single-family homes also for the year 2017 [50]. These 74 electricity demand
curves are averaged to create one validation case enabling the testing of the trained agents
or control units on an independent load curve.

Bayesian optimization takes place on the training dataset and requires lower and upper
bounds for the hyperparameters under study. These lower and upper boundaries of the
varied hyperparameters are shown in Table 3. In the first iteration of Bayesian optimization,
a hyperparameter set is randomly selected to begin evaluating the objective function.

Table 3. Hyperparameters and their respective lower and upper boundaries.

Hyperparameter Lower Boundary Upper Boundary

Learning rate 10−6 10−2

Number of training episodes 50 500
Number of hidden units in the LSTM layer 1 50
Number of hidden units in the fully connected layers 1 100
Section depth of fully connected layers 0 3
Sequence lengths 2 24
Mini-batch size 1 48
Experience buffer length 104 106

Discount factor 0 1

4. Results and Discussion

The results are presented divided into controller development results, i.e., Bayesian
optimization results and operating cost results of trained agents, and results regarding the
comparison of static reference control and reinforcement learning (RL) control in terms of
operating costs.

4.1. Controller Development

A sample of 244 iterations of the Bayesian optimization was taken. The most important
results are shown in Figure 6a, where the influence of the Bayesian optimization on the train-
ing success of the reinforcement learning approach can be seen. While the first iterations of
the Bayesian optimization were performed with randomly selected hyperparameters, the
success of the training increased as the evaluation of the objective function progressed. The
objective function contains the operating cost over the training period equaling one episode
of training. As a cost reference, an objective value of 132.3 was determined, shown as a
horizontal line in Figure 6a.
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Figure 6. Results of the Bayesian optimization—Objective values over all iteration steps (a), effect
of mini-batch size on objective value (b), effect of learning rate on objective value (c), and effect of
discount factor on objective value (d).

The three hyperparameters, learning rate, size of the mini-batch and discount factor,
are also shown in Figure 6b–d. These three hyperparameters clearly influence the mini-
mization of the objective function (i.e., the operating costs), while the other investigated
hyperparameters have no evident influence.

All trained agents were now applied to both datasets. Figure 7 shows a boxplot of the
cost ratios of the operating costs of all trained agents applied to the training and validation
datasets. Here, the operating costs of the trained agents were each divided by the previously
defined reference operating costs to be able to define the cost ratios and subsequently the
savings. For most parts, the trained agents show operating cost reductions. The cost ratios
in the validation dataset are a little closer to the reference control. Nevertheless, operating
cost reduction could be shown even when applied to the dataset unknown to the agents in
the validation.
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Figure 7. Boxplot of cost ratios of the operating costs applied on training and validation dataset.

Next, to realize the control approach based on reinforcement learning, the selection of
one agent per system/building is necessary. In order to determine how likely an operating
cost reduction of an agent is if this agent shows an operating cost reduction on the training
dataset, the conditional probability according to Bayes’ theorem is required.

Figure 8 shows the probabilities relevant for this, split according to the savings of the
trained agents compared to the reference. The dotted lines show the shares of agents with
a certain percentage of operating cost reductions. Here, P(Train) represents the shares of
trained agents per operating cost reduction, and P(Train ∩Val) represents the shares of
simultaneous operating cost reductions in the training and validation datasets. The bars
now show the conditional probability P(Val|Train) ; i.e., how likely it is that a trained agent
will also show an operating cost reduction on the validation dataset if it has already shown
certain operating cost reductions on the training dataset.
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Figure 8. Probabilities of trained agents to reduce operational costs on validation dataset, depending
on their training savings.

It can clearly be seen that the most successful agents of the training dataset (on the
right side of the Figure 8), with operating cost reductions of more than 4%, have only
a small share of the total number of trained agents, but 100% of them can also show an
operating cost reduction on the validation dataset.
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Finally, a clarification is necessary regarding what average savings can be expected
from the agents on the validation dataset depending on their training success (i.e., the
operating cost reduction on the training dataset). Figure 9 shows the average savings of
the trained agents on the validation dataset, plotted on the same distribution of savings
of the trained agents on the training dataset. Thus, agents with higher training success
and therefore with higher operating cost savings on the training dataset also may have
sharply increased operating cost savings on the validation dataset. Thus, the best agents in
training with operating cost savings above 4.1% show an average operating cost saving of
2.8% when applied to the validation dataset. The agent with the highest training success
(savings of 4.3%) also has the highest value of all agents on the validation dataset, at 3.3%.
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4.2. Operating Cost Comparison

After identifying the best agent based on training success, the influence of its control
approach on the operational behavior of the energy system under consideration is now
analyzed in more detail. Figure 10 shows representative results of the energy system
model controlled with the agent with the highest training success on the validation dataset
compared to the reference control.

• In Figure 10a, the operating cost reduction for each time step of the validation dataset
is shown. These results can be divided into two areas: one area with only very small
deviations of the operating costs of the reinforcement learning control from those
of the reference control, and another area with strong operating cost reductions. In
addition, a few outliers become obvious in which the reinforcement learning (RL)
control seems to take unfavorable decisions (i.e., negative values).

• In Figure 10b, the comparison of the selected flow rates by the RL agent is shown. A
strong variation between the available actions or flow rates of the agent can be seen,
with the selection of the highest available flow rate mainly in the summer months.
The flow rate of the reference control is also shown for comparison.

• In Figure 10c, the COP increase for the domestic hot water supply when RL control
is applied. Again, some time steps with unfavorable effects can be seen on the COP
of the domestic hot water supply. There, the agent selected an action that leads to a
decrease in cooling fluid temperature and therefore a decrease of the COP. A clustering
of the COP indicates an increase of about 0.1 in the transition months and 0.3 in the
summer months.

• In Figure 10d, the COP increase for the supply of space heating by the RL control is
shown. The advantage here is more pronounced compared to the COP of the domestic
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hot water supply. Especially in the transition months, strong COP increases can be
detected for the space heating supply.
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Figure 10. Results of the energy system model with reinforcement learning (RL) control compared to
the reference control—Operating cost reduction (a), flow rate per PVT collector for reference and RL
control (b), COP for domestic hot water increase (c), and COP for space heating increase (d).

Table 4 shows the evaluation of this particular agent with the highest training success
on the validation dataset compared to the reference control. For this purpose, the energy
quantities for covering the electricity demand as well as the heat pump electricity demand
and the self-consumption of the PVT electricity were taken from the model used. Therefore,
the biggest difference, caused by the reinforcement learning control, is both the increased
self-consumption of the PVT electricity to cover the electrical demand of the simulated
single-family house and the decreased electricity demand of the heat pump, caused by the
increased coefficient of performance due to the PVT low-temperature heat.
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Table 4. Evaluation results of the agent with highest training success compared to the reference control.

EGrid,Elec.
[kWh]

EPVT,Elec.
[kWh]

EGrid,HP
[kWh]

EPVT,HP
[kWh]

EPVT,surplus
[kWh]

Self-Consumption
[%]

Reference control 3349 1814 1520 374 3567 38.0
RL control 3349 1934 1525 349 3512 39.4
Deviation [%] - 6.6 0.3 −6.7 −1.5 3.6

Therefore, the operating costs of a complex energy systems, fed by a PVT system, can
be reduced by a control approach using reinforcement learning. The development of neces-
sary devices and communication equipment to implement this control in a real single-family
house represents the next interesting step in the evaluation of the demonstrated potential.

5. Conclusions

In this paper, the potential of the reinforcement learning approach to control a PVT-
heat-pump system by adjusting the flow rate through the included PVT collectors was
investigated. In particular, a Bayesian optimization of relevant hyperparameters was used
on a training dataset to train an agent for optimal control. The trained agents were then
applied to a validation dataset.

Based on the results presented, the following conclusions can be drawn. Conclusions
according to the insights of the controller development by applying the reinforcement
learning approach are outlined below.

• Bayesian optimization is an applicable approach for selecting promising hyperparam-
eters. Already close to 100 iterations are sufficient to train agents successfully.

• The hyperparameters learning rate, mini-batch size, and discount factor show the
strongest influence on the training success of the reinforcement learning approach for
the energy system studied here.

• The training success of the reinforcement learning approach (the objective function
of Bayesian optimization is used as a measure) can also be repeated on a validation
dataset independent of the training dataset, thus demonstrating the generalization
capability of the trained agents.

Insights from the operating cost reduction by the developed control approach based
on reinforcement learning are summarized below.

• The reinforcement learning approach shows potential as a promising control approach
for complex energy systems, illustrated here by a PVT-heat-pump-system. By control-
ling the flow rate through the PVT system alone, a stable effect in terms of operating
cost reduction can be demonstrated.

• The selection of the most successfully trained agents shows a relevant operational cost
saving of about 3% on a validation dataset.

Based on the results presented, the question of whether other control variables of a
complex energy system based on PVT can also be successfully controlled by reinforcement
learning should be investigated. An implementation of the approach presented here in a
real single-family house should be developed in future work.
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Nomenclature

CFeed−in feed-in tariff
CHP heat pump electricity tariff
CGrid electricity price from public grid
Coperating operating costs
EGrid,Elec. electricity purchased from the grid for electricity demand
EGrid,HP electricity purchased from the grid for heat pump electricity demand
EPVT,Elec. self-consumption of PVT electricity
EPVT,surplus excess PVT electricity
L loss function
M mini-batch size
.

mbrine mass flow of brine
.

mPVT mass flow of cooling fluid
Tamb ambient temperature
Theat,supply supply temperature of heating circuit
Theat pump,source source temperature for the heat pump
Tbrine brine temperature
TPVT,out PVT outlet temperature
Abbreviations
ANN artificial neural network
COP coefficient of performance
DQN deep Q-network
LSTM long short-term memory
PV photovoltaic
PVT photovoltaic-thermal
RL reinforcement learning
SFH single family house
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