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Abstract

In residential heating applications, electrically-driven heat pump systems enable the integration of renewable
energy sources (RES) and, thus, systematic sector defossilation. Since the heating demand of buildings and
RES availability are time-variant and time-shifted, it is challenging to ensure optimal heat pump system
operation. Optimal heat pump system operation requires access to reliable system interfaces and consistent use
of higher control strategies such as model predictive control (MPC). However, missing interfaces prevent the
spread of MPC in the field and call for conventional controls such as heating curves reducing the overall
potential.

This work shows the potential of MPC for heat pump systems by exploiting system interfaces in an
experimental case study. We use a heat pump test bench coupled to a dynamic building performance simulation
model in the hardware-in-the-loop approach and investigate two control levels: The refrigerant cycle controller
ensures stable superheat and resilient operation; the system controller minimizes the heat pump power
consumption within the comfort constraints. We analyze two MPC interfaces to control the system: First, the
MPC sets the flow temperature, while a PID controls the compressor speed. Second, the MPC directly adjusts
the compressor speed. We compare both MPC strategies with a conventional heating curve controller.

The results highlight the need for heat pump interfaces to widespread MPC. Both MPC strategies reduce the
heat pump power consumption by up to 20.25 %. Adjusting the flow temperature by MPC results in the lowest
energy consumption but many compressor starts and comfort losses. Direct compressor-controlled systems
claim the best results concerning comfort constraints and lead to a resilient operation by reducing on-off
behavior.
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1. Introduction

For all sectors, the IPC report shows the need for consistent defossilation to meet climate goals and mitigate
climate impact consequences [1]. In particular, the building sector is responsible for up to 30 % of total energy
consumption [2]. While, in other sectors, standardized solutions already exist to reduce emissions on a larger
scale, there are still major challenges in the building sector due to the high degree of individuality of buildings
and occupants [3]. Solving one challenge to reduce the emissions related to heating purposes, heat pump
systems can exchange conventional combustion-based heating systems. Electrically-driven heat pump systems
are the most efficient solution for defossilation the building sector, as they can provide CO»-neutral heat when
using electricity from renewable energy sources (RES). However, optimal heat pump integration and operation
lead to complex system setups and controls since the heating demand and renewable energy sources (RES)
availability are time-variant and time-shifted. To capture time-variance and time-shifting, model predictive
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control (MPC) applications are a potential solution in the recent literature. MPC strategies reduce energy
consumption by 13 % to 28 %, depending on the heat pump system setup [4]. However, most heat pump
systems in the field operate in weather compensation mode using an outdoor temperature-dependent supply
temperature (heating curve). As a result, heat pump systems are often not operated optimally, considerably
reducing their potential in many cases.

To optimally operate heat pump systems and fully exploit the potential of MPC, there is the need to identify
barriers preventing the transfer into practice. In the literature, there are multiple reasons for the slow
implementation of MPC approaches in the building sector. First, the development of MPC in building energy
systems (BES) needs deep expert knowledge and high hardware and software requirements [5]. Second,
individual buildings require individual process models for the controller configuration and, thus, increase the
development time [6]. In a recent theoretical study, Stoffel et al. show a data-driven MPC using black-box
models (BBMPC) that perform similarly to detailed white-box MPC approaches [7]. In addition, online
learning offers continuous improvement of the BBMPC process models reducing the gap compared to more
development-intensive MPC approaches. While Stoffel et al. follow a theoretical approach where almost all
interfaces can be made available, in practice, interfaces may not be available for safety reasons or the
manufacturer's market strategy.

Today, the available interfaces to control heat pumps are very limited, preventing the optimal operation of
heat pump systems. In the case of market-available heat pumps, a potential MPC can only control a
manipulated variable via the SmartGrid Ready interface that indirectly controls a system variable (e.g., flow
temperature). Typically, an internal heat pump controller (usually conventional PID-Controller) still adjusts
the control variables of the heat pump (e.g., compressor speed) regardless of whether this is purposeful for the
overall system. Hence, the literature shows only studies in which the MPC cannot directly control the
compressor speed, which makes the internal controller the limiting factor for optimal system operation [8].
However, to the best of the author's knowledge, such limiting factors are not discussed in the literature.

In the literature, studies show high potential for MPC in BES based on numerical approaches and neglect
limiting factors of real-world operation. In addition, many approaches use simplified black-box models or
linearized models to predict the heat pump's behavior. However, the heat pump is a closed thermodynamic
cycle inherently covering nonlinear dependencies between state and control variables. Considering the
complex thermodynamic relationships leads to a complex and computationally intensive model that is often
avoided in MPC approaches to solve the underlying optimization problem in a reasonable time. This paper
closes the identified research gaps and proves the proposed method in a simulative and experimental case
study:

e Toreduce expert knowledge for setting up process models, we use data-driven models to minimize
the modeling effort.

e To prove consistent thermodynamics and prediction accuracy, we conduct measurement
campaigns that substantiate our approaches.

e To avoid manufacturer-related interface limitations, we use a fully controllable heat pump test
bench with all relevant interfaces [9].

e To prove the proposed method under realistic, dynamic, and repeatable boundary conditions, we
use the hardware-in-the-loop approach by coupling a heat pump test bench to a virtual building.

The paper is structured as follows:

e  Section 2 describes the experimental setup and the controller's structure.

e  Section 3 shows the results of the simulative and experimental case studies.

e  Section 4 discusses the results and underlines the potential of the proposed method.
e Section 5 concludes all findings and gives recommendations for future work.

2. Method: MPC for heat pump systems

The proposed method of this work integrates an MPC system controller into a heat pump test bench., This
work uses the experimental hardware-in-the-loop (HiL) approach to assess the potential of MPC compared to
conventional controllers under dynamic, realistic, and repeatable boundary conditions. This approach couples
real hardware with simulation models that lead to dynamic and realistic environments. This section describes
the HiL setup and explains the developed system controller. Furthermore, we introduce the performed case
studies and define the used key performance indicators (KPI).
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2.1. Experimental Setup

This section presents the HiL approach for the experimental case study. HiL connects virtual buildings with
real heat generators. In this work, we focus on the behavior of the heat pump and the potential of the MPC
system controller. Figure 1 shows a schematical overview of the implemented HiL framework.
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Figure 1: Schematic overview of HiL setup: heat pump test bench (indoor unit and outdoor unit), Climatic chamber, Hydraulic test
bench, simulation model, MPC system controller, InfluxDB tick-stack, and MQTT Broker

The system consists of an air-to-water heat pump in split design, test benches (climatic chamber and
hydraulic test bench), a building performance simulation model, the cloud-based data infrastructure (MQTT-
Broker and InfluxDB tick-stack), and the MPC system controller. The several components are described in the
following:

Air-to-water heat pump:

In this work, we use a self-developed air-to-water heat pump with a nominal heating capacity of 7 kW in
operating point A7W35 (ambient temperature: 7 °C, supply temperature: 35 °C). We built the heat pump in
split design: the outdoor unit (OU) consists of the compressor, evaporator, and expansion valve; the indoor
unit (1U) consists of a condenser and a water pump for the hydraulic cycle.

The heat pump uses an inverter-driven scroll compressor operating between 30 Hz and 90 Hz, indicating
a possible part load operation of 1/3 of the full load. Using a PLC and measuring terminals, all sensor data are
collected, and all set values are written. In previous work, we developed control strategies for a safe and
efficient operation regarding superheat control [9]. Thus, the internal heat pump controller controls two
subsystems (see Figure 2 and Figure 3).

First, the superheat control (Figure 2) regulates the expansion valve and ensures that gaseous refrigerant
enters the compressor's inlet. The detailed controller development is described in Gobel et al. [9].
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Figure 2: Superheat control of the A/W heat pump
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According to Figure 3, the flow temperature T; can be controlled by manipulating the compressor speed
Neom. IN the market-available heat pumps, an internal PID controller is used to adjust the control variable.
However, this controller has no direct interface for MPC applications. In this work, we open this controller
interface to manipulate the compressor speed ngomser directly by the system controller. Within the HiL
approach, the air-to-water heat pump is coupled to a virtual building, which is explained in the following.
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Figure 3: Flow temperature control of the A/W heat pump

Building performance simulation model

We calculate the building performance simulation for the HiL framework using the BESMod Modelica
library [10]. In this context, we integrate MQTT communication blocks into the hydraulic subsystem. A single-
zone Modelica building performance simulation model calculates the thermal behavior of a building. The air
temperature of the single zone represents the room temperature, which is the controlled variable. The model's
parameters are obtained from TEASER [11]. The building envelope covers a net floor area of 130 m?.
Following DIN EN 12831, the resulting heat load at -12 °C is 6.596 W. We implement an underfloor heating
system model to transfer heat from the hydraulic cycle to the building envelope. The total activated floor's
capacity is 52.629 k] K~ which is equal to a water volume of 12.59 m3. Due to this high capacity, we
avoid an additional buffer tank within the hydraulic system. To connect the described simulation model to the
heat pump, we use test benches, which are explained in the following section.

Test benches

The air-to-water heat pump is located in a climatic chamber that emulates dynamic ambient conditions. The
climatic chamber captures ambient conditions between -20 °C and 40 °C and humidity up to 100 %. For this
purpose, the climatic chamber has an air handling unit with heat exchangers for cooling and dehumidification,
an electric heating coil, and an isothermic steam humidifier. The hydraulic test bench controls the return flow
temperature and the volume flow of the heating cycle, which the dynamic building performance simulation
model calculates. The return temperature is adjusted using a three-way mixing valve, ensuring fast responses
and low delay times due to mixing. While the test benches are the physical connection between the simulation
model and the heat pump, the cloud-based data infrastructure is the digital connection between all components.

Cloud-based data infrastructure

All components (simulation models, test benches, system controller) communicate with the overall MQTT
broker to which they can send data and subscribe to topics. The task of the MQTT broker is to distribute the
data. Each component subscribes to the necessary topics. When the broker receives messages for
corresponding topics, it is passed on to the corresponding component. The components send their data with a
time increment of one second. The communication latency is in the range of milliseconds, allowing the
components receive the subscribed messages in the proposed time increment. While the time constants of
thermal systems with high capacity (as shown above) are significantly higher than the time increment and the
latency, the frequency, and the latency do not affect the system's interaction.

Completing the communication infrastructure, we use the InfluxDB tick-stack to store and visualize all
time-varying data, which is communicated via the MQTT broker [12], [13]. Since no historical data is
available via the MQTT broker, the system controller requests this data directly from the InfluxDB time series
database using HTTP. In this work, we integrate the system controller into the described framework, which
we explain in more detail below.
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System Controller

The controller needs access to the MQTT brokers and the InfluxDB tick-stack. In this framework, the MPC
can run on any server in a cloud system. In this work, the system controller is the device under test, exploiting
MPC's potential using different interfaces compared to conventional heating curves. Section 2.2 describes the
controller in detail.

2.2. Data-driven model predictive control

The developed MPC maintains thermal comfort by keeping the zone's air temperature within the comfort
constraints and simultaneously minimizes the heat pump's power consumption. The cost function of the
resulting optimal control problem (OCP) (1) — (7) is given in (1). We penalize the violation e of comfort
constraints (4) with C; = 10. Furthermore, we consider energy consumption by minimizing the control
input u. Depending on the experiment, the control input u can either be the actual heat pump modulation
(compressor speed) (Cz ., = 0.1) or the flow temperature of the heat pump (C;., =~ = 0.1- 1/300). The
weight C, ., is scaled with 1/300 because the absolute values of the flow temperature are higher than the
ones of the heat pump modulation. The third term C;4u? (G309 = 0.005-1/30) ;C3,,,, = 0.1)
describes the cost of changing the manipulated variable, which prevents the system from oscillating. The term
is squared so that both negative and positive changes are considered. We determine the values of all weights
C heuristically. In future work, we also plan to model and minimize the heat pump's electric power.
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Crucial for the successful implementation of MPC is the underlying process model to predict the building's
and heat pump's behavior (2) — (3). In this case, we use an artificial neural network (ANN) to predict the zone's
temperature with all inherent system dynamics. To predict the temperature change AT,;, during time step k,
we consider the last m; temperatures, the last m, controls, and the last m,; measured disturbances d
(solar radiation and ambient temperature). Thus, we use a nonlinear, autoregressive process model with
exogenous inputs (NARX). Using this process model leads to a nonlinear optimization problem, which we
solve efficiently using Casadi and Ipopt [14], [15]. Details on the integration of ANNs as process models in an
MPC can be found in previous works of the authors [7], [15]-[17]. The OCP's prediction horizon N is 36 with
a time step size of 10 min, which results in a prediction of 6 hours.

Safe operation of the MPC requires validity of the underlying process model in the whole operation range.
For that reason, we pre-train the ANN with simulation data. The system identification of the simulation model
is performed by choosing temperature setpoints according to a square curve for a baseline PID controller for
two weeks each in winter, spring, and fall from a test reference year [18]. Here, the data set is split into 80%
training, 10% validation, and 10% testing

Besides the training data for setting up a reasonable process model using ANNS, the hyperparameter tuning
of ANNs is crucial. Tuneable hyperparameters are the number of layers, the number of neurons in each layer,
and the activation function. In this work, a brute-force hyperparameter optimization is performed. For this
reason, several ANNs with different architectures are trained and evaluated on the test set. The ANNSs with the

5
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highest accuracy are finally used as a process model in the MPC. A batch normalizing layer serves as the input
layer since it efficiently scales the features, stabilizes, and speeds up the training process [19]. The output layer
uses a linear activation function. We constrain the hyperparameter optimization to use relatively small ANNs
with one or two hidden layers and 4 to 32 neurons to compute the optimization problem more efficiently and
reduce the risk of overfitting. After hyperparameter tuning, the final ANN has one hidden layer with 16
neurons. The activation function for the hidden layer's neurons is the softsign function. We analyze and
benchmark the developed system controller in a case study described below.

2.3. Case Study

In this work, we integrate MPC into a heat pump system controller and investigate the impact of the interface
between the system controller and the heat pump system on the overall performance of a building energy
system.

For this purpose, we consider two interfaces and a benchmark control:
1. Benchmark control: Heating curve:
The used benchmark control is a weather compensation heating curve which takes the nominal
flow temperature Tq nom, the current room set temperature Tyoomset the ambient temperature
Tamp and the nominal ambient temperature T,ypnom INtO account to calculate the set flow
temperature T, for the heat pump. Equation 8 shows the correlation between the variables.

1

T, T, n
Tfl,set = (Tfl,nom - Troom,set) ' (M) + Troom,set (8)

Troom,set_Tamb,nom

The parameter n describes the heat curve's gradient and is constant at 1.2. The equation results in
the nominal flow temperature at the nominal ambient temperature. Because the equation considers
the current room set temperature, the set flow temperature is decreased during periods of low room
set temperatures. Besides the flow temperature control, a valve manipulates the volume flow into
the underfloor heating to further control the room temperature resulting in a dynamic volume flow.
2. Manipulated variable: Flow temperature:
The MPC controls the room temperature by manipulating the flow temperature of the heat pump.
The internal controller of the heat pump regulates the supply temperature with the help of the
compressor speed. Furthermore, the internal controller considers the heat pump's physical
constraints (e.g., min compressor speed = 30 Hz). The volume flow is constant at the nominal flow.
3.  Manipulated variable: Compressor speed
The MPC controls the room temperature by manipulating the compressor speed. The heat pump's
internal control only interacts with security issues. The MPC knows the heat pump's constraints.
Since the manipulated variable has a discontinuous step between 0 and 30 Hz, the heat pump gets
turned on above 30 Hz. Below a compressor speed of 30 Hz, the compressor does not operate. The
volume flow is constant at the nominal flow.

Figure 4 shows the reference variable for the heating curve and the comfort band for evaluating the room
temperature. The approaches with MPC use the band directly as a reference variable. For the heating curve,
we shift the reference variable so that the room temperature corresponds approximately to the room setpoint
temperature at the beginning of the comfort phase (interval of the higher room setpoint temperature).

We use weather data for the location of Potsdam as a boundary condition of the energy system [18]. We
determine reference days with the help of sensitivity analysis and clustering [20]. This work only considers
this system's winter reference day, Jan. 11. The day has a mean temperature of 1.32 °C, representing 114 days
in the year in Potsdam.

We perform a simulative and experimental case study for this work. The simulative study consists of three
cases. The study considers the system with the heating curve controller, the MPC manipulating the flow
temperature, and the MPC using the compressor speed as the manipulated variable. We only consider the two
MPC controllers for the experimental study without an additional benchmark test since we focus on the
interface itself.
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Figure 4: Comfort band for MPC and room setpoint for heating curve for a complete day

2.4. KPI Definition

We evaluate our results with different KPI definitions, which we explain in the following section:
Discomfort:

All building energy systems have a trade-off between discomfort and energy consumption. In our work, we
calculate the total discomfort as follows:

ten
ftzod |Troom - Troom,setl dt (9)

Energy Consumption:
We consider for the energy consumption, the total electrical energy consumption of the heat pump:

t
Weihp = J,20 Pey dt (10)

Seasonal Coefficient of Performance (SCOP):
To evaluate the heat pump's efficiency, we use the integrated COP of the heat pump over the day considered.
To do so, we integrate the provided heat flow into the building Q.

t d ;
Je2g® Qsn at

Wel,hp

SCOP = (11)

Compressor starts

Due to poor control parameter settings, heat pumps in the field can have many compressor starts, resulting in
reduced efficiency. Additionally, compressor manufacturers specify a maximum number of starts to ensure a
long service life. For this reason, we evaluate the amount of compressor starts for all use cases.

3. Results

This section presents the dynamic simulation results for the three control approaches (section 3.1) and the
experimental comparison between both interfaces (section 3.2).

3.1. Simulation case study: MPC vs. heating curve

Figure 5 shows the benchmark case. The black lines show the upper and lower comfort bounds. Between
8 am and 4 pm, they are between 19 °C and 21 °C, else temperatures between 16 °C and 24 °C are within the
bounds. For a reasonable comparison with the MPC approaches, the room temperature of the heating curve is
set to 16 °C the night. The control of the volume flow behaves accordingly. We get similar room temperature
trends in MPC and heating curve control.
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Figure 5: Simulation: Heating the thermal zone on a winter day using a heating curve

It can be seen that the heating curve with the chosen setting can keep the room temperature within the given
bounds. The heat pump turns on at around 3:00 am. The heat pump turns on and off frequently as the outdoor
temperature rises. The heat pump turns off by lowering the temperature bounds at 4 pm. Since the additional
control valve stops the volume flow into the underfloor heating system during low set temperatures, the heat
pump can only control the flow temperature during heating hours (3 am — 4 pm; see Figure 4).
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Figure 6:  Simulation: Heating the thermal zone on a winter day using an MPC, which controls the flow temperature setpoint.

In Figure 6, the room temperature of the thermal zone is controlled with an MPC that sets the flow
temperature setpoint. An internal PID-Controller of the heat pump controls the flow temperature. The MPC
can keep the zone temperature within the comfort constraints. To reach the raised bounds at 8 o'clock, the MPC
raises the flow temperature setpoint to its upper bound. Between 8 am and 4 pm, a discrepancy between the
set and the actual flow temperature is observed. The difference results from frequent on-off cycling of the heat
pump caused by the internal PID-Controller. The MPC lowers the flow temperature setpoint by lowering the
temperature bounds.

Figure 7 shows the control of the zone temperature with an MPC that directly controls the compressor
speed. The MPC is capable of keeping the zone temperature within the comfort constraints. The heat pump
gets turned on at around 5 am. Before raising the temperature bounds, the MPC sets the compressor speed to
its upper bound to fulfill the temperature bounds. Similar to the MPC with the flow temperature setpoint, the
MPC lowers the set value during the day to minimize energy consumption. The discrepancy between the set
and the actual heat pump modulation can be explained by the minimum compressor speed of 30 Hz. The
compressor gets turned off if the MPC set value is below 30 Hz. Since the relative compressor speed can only
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be between 0.33 and 1 and the set value range is between 0 and 1, the compressor can only follow the set
fellow from 0.33 to 1.
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Figure 7: Simulation: Heating the thermal zone on a winter day using an MPC which controls the compressor speed.

Table 1 shows the KPI evaluation of the three simulated control approaches. The consumed electrical energy
is 29.38 kWh for the heating curve controller, which is the highest overall value. Both MPC approaches reduce
electrical energy consumption. Controlling the flow temperature reduces the energy consumption by 20.25 %,
and controlling the compressor speed directly reduces the energy consumption by 5.75 %. The highest
discomfort of all control approaches is at 0.32 Kh with the MPC with flow temperature setpoint. The
discomfort corresponds to a deviation of the temperature bounds of 0.32 K for one hour, which is negligible
for the comfort of occupants.

The heat pump operates the most efficiently with the flow temperature MPC at a SCOP of 2.83. The heating
curve controller achieves the lowest SCOP of 2.46. The number of starts for heating curve control and flow
temperature MPC is 22 and 24, respectively. Both controllers yield a higher number of starts than compressor
speed MPC, which is at 3. Summing up, directly controlling the compressor speed leads to fewer starts. Many
compressor starts reduce the service life, but this study cannot measure it. According to the following case
study, the heat pump's efficiency needs to be evaluated in real experiments.

Table 1: Simulation: KPI's of the three different control approaches.

Controller Energy[kWh] Discomfort[Kh] SCOP[] Starts[]
Heating Curve 29.38 0.28 2.46 22
MPC with flow temperature setpoint 23.43 0.32 2.83 24
MPC with compressor speed setpoint 27.69 0.06 261 3

3.2. Experimental case study: Integrating MPC into a real heat pump controller

This section demonstrates the successful integration of MPC on a real heat pump system. Figure 8 shows
the MPC with flow temperature control. The heat pump first gets turned on at around 4 am, similar to the MPC,
which controls the compressor speed. Due to the MPC raising of the flow temperature setpoint, the compressor
speed rises until it operates at maximum speed.

With lowering the flow temperature setpoint, we observe several compressor starts between 9 am and 5 pm
due to the internal PI controller, which turns off the heat pump if its output is below 0.33. On-off cycling
happens if the flow temperature setpoint is too low to be kept with minimum compressor speed. The PI-
controller turns off the heat pump, the flow temperature drops below the setpoint, and after the minimum off-
time, the heat pump will be turned on again.

Table 2 shows the evaluated KPIs for the experiments with the real heat pump for the two MPC approaches.
The electrical energy consumed is 8.15 % lower for the MPC with flow temperature control. The thermal
discomfort for this approach is 3.77 Kh and 0.2 Kh for the compressor speed MPC. Table 2 gives an overview
of these KPIs. The SCOP is similar to both approaches. Due to the behavior of the internal Pl-controller, the
flow temperature MPC has 18 starts. With direct control of the compressor speed, the starts are reduced to 2.
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Figure 8: Real experiment: Heating of the thermal zone on a winter day using an MPC, which controls the flow temperature

Figure 9 shows the experimental results of the real heat pump using MPC controlling the compressor speed.
The zone temperature and MPC setpoint curves are very similar to the simulated data in Figure 7. The heat
pump's compressor can keep the setpoints given by the MPC. Like in the simulations, the heat pump gets
turned off at compressor speeds below 30 Hz, corresponding to an MPC setpoint of 0.33.

When the heat pump gets turned on, seen at around 4 am and 11 am, the compressor speed jumps. This
starting behavior is given by the prescribed compressor startup program of the compressor's manufacturer.
This mode guarantees a safe operation within the highly dynamic starting procedure. After the dynamic starting
mode, the heat pump switches to normal mode and accepts set values for compressor speed from the MPC.
Staring procedures of heat pumps show real-world limitations, are challenging to model, and underline the
importance of dynamic experimental tests. The following section discusses the explained results.

Table 2: Real experiment: KPIs of the three different control approaches.

Controller Energy[kWh] Discomfort[Kh] SCOP[] Starts[]
MPC with flow temperature setpoint 26.26 3.77 2.69 18
MPC with compressor speed setpoint 28.59 0.2 261 2
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Figure 9: Real experiment: Heating of the thermal zone on a winter day using an MPC, which controls the compressor speed
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4, Discussion

In this section, we discuss the results from Section 3 in the context of the identified research gaps. The
results show that the simulation and experimental studies provide reasonable results.

The first identified research gap concerns the high implementation effort for MPC. The data-driven MPC
method chosen reduces the modeling effort. The results show that the modeling accuracy is sufficient. In the
simulative and experimental case studies, the MPC controllers outperform the heating curve controller in
energy consumption. The development of the process models requires either field test or simulative data but
no physical equations. This work contributes to integrating MPC into practice by overcoming the need for
reduced model development effort.

The literature did not investigate the potential of different system controller interfaces on the heat pump
system. The results of this work prove the influence of available interfaces on the overall system performance.
When comparing the results from Table 2, it is noticeable that the MPC with direct access to the compressor
speed leads to lower discomfort (0.2 Kh to 3.8 Kh). If the set flow temperature is manipulated, the heat pump's
internal controller calculates the control signal for the compressor. The control signal leads to high inaccuracies
that the MPC cannot predict. In addition, the pre-setting of the flow temperature at low modulation increases
the number of compressor starts (see Figure 8). As a result, the MPC with flow temperature pre-setting
maintains the room setpoint temperature less accurately. If the MPC can control the compressor directly, the
number of starts is reduced enormously (from 18 to 2).

One difference between the MPC's setpoint and the heat pump's conversion remains if the modulation
setpoint is below 0.33 because the heat pump cannot convert frequencies lower than 30 Hz. Direct compressor
control leads to improved comfort and efficient operation with fewer on/off cycles. However, the heat pumps'
SCOP does not derivate much between the interfaces. The differences are due to many compressor starts that
reduce the average flow temperature. A low flow temperature leads thermodynamically to higher efficiency.
Starting processes worsen the efficiency since additional losses occur during the compressor start (high
overheating, high friction losses in the compressor). Both effects seem to balance each other out in the
investigated experimental case study and should be investigated in more detail in the future.

Finally, purely annual simulative studies usually use simplified models to reduce computational effort. In
the simulative case study, the calibrated model accurately describes the steady-state heat pump process.
However, the differences between the experiment and simulation, especially in the discomfort, deviate strongly
from each other. The differences are not due to MPC computing but due to differences in experimental and
simulative heat pump operation. The influence of the compressor starts on the efficiency, and the flow
temperature can hardly be represented by a simulation model. Therefore, the experimental data show the real-
life behavior and the accurate system technology's influence. The HiL approach, with its dynamic, realistic,
and repeatable boundary conditions, contributes to the integration of MPC into the practice.

5. Conclusion

This work contributes to integrating MPC with data-driven process models into practice using simulative
and experimental case studies. In this paper, we apply the hardware-in-loop method to prove the functionality
of MPC under dynamic, repeatable boundary conditions. We integrate a system controller into an energy
system consisting of a self-developed heat pump test bench and a building performance simulation model
coupled via a hydraulic test bench and a climate chamber. A conventional heating curve controller represents
the benchmark control. The MPC controls the supply temperature or the heat pump's compressor speed
exploiting the potential of different controller interfaces. We show that data-driven MPC controllers reduce
the modeling effort and still lead to reasonable results outperforming conventional heat pump controller. In all
case studies, the MPC reduces the system's energy consumption by up to 20.25 %. Direct access to the
compressor frequency reduces the number of startups at from 18 to 2 for one specific day. The reduction of
starts leads to a higher control quality and, thus, to low discomfort.

The BES consists only of a heat pump and building in this work. We will extend the system with a DHW
tank and PV-System in future work.
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